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ABSTRACT
Droughts have affected more people than any other natural disaster in the last century,
causing billions in economic damages and millions of deaths. As the Sea Surface Temperatures
(SST) have heated in the Indian Ocean, drought patterns across South Asia have changed; the
Indian monsoon has become more volatile and less predictable. In this study, monthly selfcalibrated Palmer Drought Severity Index (sc-PDSI) data for the time period between 1950 and
2009 were interpolated to India’s districts; then the data were analyzed for changes in frequency
and severity. The data were further evaluated using Anselin’s Local Moran’s I Statistic to elicit
the spatial autocorrelation of droughts by decade from 1950 to 2009. This analysis showed the
concentration of droughts in certain regions of India relative to others for each decade. Droughts
in the 2000-2009 time period were particularly concentrated and severe over the Gangetic Plains,
one of the primary regions for agricultural production.
After analyzing drought patterns in India, data for rice and wheat production between
1998 and 2009 were collected for each district. Then, an Ordinary Least Squares regression was
used to analyze the metric tonnes (MT) of production per hectare per district and the total
hectares planted in each district with annual sc-PDSI data and locational fixed effects by state for
both rice and wheat. The MT per hectare measured each districts production efficiency during
drought, while the hectares planted was used to proxy producer decision-making during a
drought year. Droughts, as estimated by sc-PDSI, were significant at the P < 0.01 level for all
four regressions: 1) MT per hectare of rice; 2) hectares planted to rice; 3) MT per hectare of
wheat; and 4) hectares planted to wheat. The results suggest that during drought years, rice
production is reduced by 0.04 MT per hectare (~2%), but wheat production increases by 0.02
MT per hectare (~3%). Conversely, districts planted an average of 2,210 more hectares of rice

during a drought year and 1,133 less hectares of wheat. This may indicate that farmers are taking
on more risk during drought years in the hope that price inflations for rice will be more
profitable.
Furthermore, this study used data from the Indian Census of 2011 to explore the
occurrence of socio-economic and cultural disparities in relation to drought and agricultural
production. Statistics on labor, scheduled castes and tribes, and illiteracy were used as proxies to
identify districts where impoverished communities reside. Correspondingly, among global
change topics, there is growing literature around the concept of “double exposure”, which
suggests that certain communities are vulnerable to a multiplicity of social and environmental
factors. Several steps were taken to identify and map the districts in India that could be doubly
exposed to both droughts and socio-economic or cultural status in agrarian areas. Overall, this
study found changes in drought patterns, their relationship to rice and wheat production, and
provided a platform for future data collection in the context of regional climate change and
agrarian vulnerability.
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CHAPTER 1: Introduction
In the last 100 years, droughts have become more frequent and intense on a global scale.
The spatial extent of droughts has also increased, especially in South Asia (Raju et al. 2013;
Roxy et al. 2015). These droughts have caused millions of deaths and affected billions of people
globally (FAO 2013). Droughts have caused more damage and destruction, especially to
agriculture and agrarian communities, than any other natural hazard throughout the last century;
yet in-depth analyses of how these droughts have affected people and agriculture together is not
thoroughly documented in the literature. Most climate models simulate a continuously drying
climate over the next 100 years, with drying impacts varying over physical and human
geographies (Dai et al. 2011b; Cook et al. 2014; Lobell & Gourdji 2012; Roxy et al. 2015). This
drying will only increase in its negative effects—e.g. higher food prices, less water availability,
etc.—on people all over the world, especially due to the interconnected global economy;
however, the ability to adapt to these changes is not equivalent for everyone. Unsurprisingly,
small-holder farmers and low-income households are more susceptible to the negative
consequences of environmental changes like drought because of their inability to cope, which is
often determined by financial capacity and socio-cultural status (Leichenko & O’brien 2008;
Ericksen 2008). Specifically, agrarian communities and small-holder farmers are most affected
by these changes because their livelihood depends on consistent ecosystem services and
predictable environmental conditions. Therefore, it is critical to understand where these changes
in drought patterns occur and more importantly, to what extent they affect people that rely on
agriculture.
While some countries like the United States of America (USA) have developed policies
to help mitigate the risks of agricultural drought to farmers and to the industry more generally
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(USDA 2015); other countries like India lack these government policies and face potential losses
and hardship when droughts occur. For instance, there is a strong correlation between droughts
and farmer suicides in India because farmers lack the capacity to recover from damages (Gruère
et al. 2008). Therefore, understanding the impacts of drought on farming communities,
specifically those involved in water-intensive crop production systems like rice, is crucial to the
improvement of agricultural policies and development. For example, government crop insurance
programs can help alleviate the impacts of drought for farmers, or low-interest public loan
programs could provide market access to drought-tolerant seed varieties. Identifying areas where
these types of policies could be most beneficial is a particular focus of this study. Some research
has shown that increases in drought can have a significant, negative impact on crop production,
which in turn often increases irrigation costs and lower yields (Jamieson et al. 1998; Blum 1996;
Stewart & Hagan 1973). This phenomenon becomes even more apparent in regions—i.e., central
and eastern India—that grow crops in predominantly rain-fed as opposed to irrigated production
systems (Pantuwan et al. 2002; Pandey et al. 2007). Accordingly, many farmers in India do not
have irrigation, or they use flood irrigation methods which inefficiently distribute water (Rao et
al. 2015; Pandey et al. 2007; Garrity et al. 1986). Furthermore, India currently produces more
hectares of rain-fed food grains than any other country in the world (Rao et al. 2015). Because of
this, research on the nature of changing drought patterns in India is of utmost importance to
understand their potential effects on the livelihoods of agrarian communities.
This study was based on three premises: (1) that physical geography is a primary
determinant in agricultural production, and that within the scope of these determinants, climatic
factors are particularly critical; (2) that people have different capacities to respond to
environmental changes like droughts or floods based on their socio-economic and cultural status;
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and (3) that by quantifying the impacts of climatic variables on agricultural production and
identifying socially vulnerable communities together can provide a basis for improved
government policies and better resource allocation for agricultural development and climate
change adaptation. Accordingly, the primary goal of this research was to analyze the spatial
nature of climatic changes at the district-level in India, to ascertain the impacts of drought on
agricultural production, and to identify which areas of India may be more vulnerable to the
climatic changes due to social, political, and cultural disparities.
Historically, agricultural geographers have shown that the spatial distribution of soils,
climatic zones, and altitude play critical roles in the diversity of agriculture and the types of
agricultural systems implemented (Grigg 2005). The distribution and diversity of agricultural
systems and crops is not random, and this fact forms the basic theoretical foundation for the first
premise of the study. Moreover, physical geography is dynamic, which means our spatial
understanding of the occurrence of drought must be as well. Thus, the first part of this study
identified which districts in India have become more prone to droughts in recent decades, and
then analyzed rice (Oryza sativa) and wheat (Triticum spp.) production responses to drought and
wetness as measured by the self-calibrated Palmer Drought Severity Index (sc-PDSI). First, I
analyzed the sc-PDSI for the occurrence and spatial auto-correlation of district-level drought in
India between 1950 and 2009. Climate scientists generally characterize anything less than 30
years as weather phenomena, and anything beyond 30 years as climates—i.e., weather patterns
averaged over 30 years are considered climatic norms. Therefore, this study focused on 1950 to
2009 because this showed trends across two climatic periods, and the study stopped in 2009
because the latest in the sc-PDSI dataset ended in December of that year. Then, I used sc-PDSI
data in conjunction with yield and area production data from the Indian Ministry of Agriculture
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to analyze the impacts of drought on district-level rice and wheat for the time period between
1998 and 2009. This was the time period for which both drought and agricultural data were
available. This shed light on both climatic and regional factors in food production for crops with
differing water requirements; predominantly, rice production systems require a continual flow of
water across the field, while wheat production systems need only a few rains throughout a
season.
Throughout the last thirty years, India has experienced dramatic shifts in agro-climatic
zones. Raju et al. (2013) found that 27 percent of India’s agro-climatic zones changed between
1988 and 2012; these changes were predominantly accounted for by increased dryness, with
more than 15 percent of India’s agro-climatic zones becoming drier and 12 percent becoming
wetter. While Raju et al. (2013) used a simplified Thornthwaite-Mather Potential
Evapotranspiration (PET) model at the district-level to analyze these shifts, more suitable
methods of analysis—e.g. the Penman-Monteith equation—were available (Monteith 1965). My
study built on Raju et al.’s (2013) findings by re-analyzing climatic shifts in terms of monthly scPDSI values at the national, state, and district levels and by expanding the study to include the 60
year period between 1950 and 2009. Additionally, various cartographic techniques were
implemented to present these findings, and maps of the spatial autocorrelation in drought
patterns were used to reveal clustering in India’s districts over the six decades. Following this,
the study highlighted districts and states that experienced the most significant drought-rice and
drought-wheat effects, and showed how rice and wheat yields were affected using regression
analysis. These tools provided a more robust and nuanced perspective on the occurrence of
drought in India, and the importance of the clustering of drought at the district level was

4

discussed with the agricultural data so as to make the information more useful to policy makers
and future research.
Following the analyses of district-level drought and rice and wheat production, the
implications of the drought findings were mapped and discussed in relation to demographics and
agrarian vulnerability. Leichenko & O’Brien (2008) discussed a framework for analyzing social
and environmental vulnerability and found that factors like illiteracy and socio-cultural status
affect a person’s ability to adapt to both economic policy changes and environmental changes.
Using their framework, this study used Indian census data from 2011 for illiteracy, scheduled
castes and tribes (defined and discussed in more detail later), and agricultural labor (also defined
later) as indicators for both poverty and reliance on agriculture to identify districts that may be
more vulnerable to climatic changes, and more specifically to drought clustering. Illiteracy has
been documented as a robust indicator for poverty levels (Mehta & Shah 2003; Parker & Kozel
2007), and districts are likely more vulnerable to drought if they rely more heavily on agriculture
for income. Furthermore, scheduled castes and tribes are relegated to the bottom rungs of labor
and work in India, and are often not afforded the same rights, privileges, and access to aid as
others in Indian society. These attributes together provide a foundation for analyzing regional
disparities in climate change impacts and the capacity of each Indian district to adapt.
Research has clearly shown that India’s climate is changing and has already changed—
monsoon seasons are less predictable and often arrive later than what has been documented
historically (Roxy et al. 2015; Raju et al. 2013). The analysis in this study further displays the
patterns of these changes on a district scale, how clustered are these changes regionally, and
relates these changes to rice and wheat production. The study then speculates as to where
drought has impacted agrarian communities in impoverished areas. Research linking climate
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change and agricultural production at scales most applicable for government policies (i.e., crop
insurance, micro-loans, subsidized inputs, etc.) is vital, particularly in light of the concurrent
needs to increase food production and decrease the environmental impacts of agriculture.
Farmers and agrarian communities in India will increasingly depend on governments to
incentivize adaptation to and mitigation of climatic calamities, especially those who have little or
no financial resources to do so on their own. This research communicates relevant and new
findings about which districts of India are most vulnerable to climatic changes, how rice and
wheat staples have been affected, and what the way forward should be for researchers and
agricultural policies. Given the current status of drought management in India, this research
discusses how drought preparedness and responses can be incorporated into a more systematic
set of policies.
In summary, the linkages between drought and agriculture have primarily been conducted
in lab settings or through computer simulations. Climate studies focus on estimating historical or
future climates using average weather events for particular regions. Similarly, agricultural
research is often conducted in growth chambers or highly controlled field experiments. This
study seeks to link observed climatic data with agricultural production data gathered from
farmers and aggregated to the district level in India. No study has analyzed drought patterns for
the whole of India at the district level for frequency, duration, and clustering of severity during
this time period, nor has drought been connected to real agricultural data. Furthermore, none of
the previous literature has identified where droughts, agriculture, and poverty are most prominent
and correlated at the district level. This study first draws the linkage between climate and
agricultural production using sc-PDSI and Indian Ministry of Agriculture data, and then further
connects these to indicators of poverty at the district level.
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CHAPTER 2: Study Site & Geographic Context
With over 200 million food insecure people in India (FAO 2013), and climatic shifts
occurring throughout the Indian sub-continent, analyses of drought patterns and their
implications for agricultural production have become increasingly important (Gornall et. al 2010;
Nelson et. al. 2009; O’Brien et. al 2004). These climatic changes in India’s long-term outlook are
affected by less predictable weather phenomena in the meantime. These changing weather
phenomena will create new climate regimes for India throughout the next century, but as weather
events change in the short-run, they likely affect crop selection, planting, and production
processes, and may also decrease crop yields in the long-term. To illustrate, Nelson et al. (2009;
2010) projected that South Asia would be disproportionately hit by declining agricultural yields
as a result of climate change, which is one major reason why India was selected for this study.
Krishnan (1988) piloted work on agro-climatic zone delineations that are currently used by the
Government of India (henceforth, GOI) for the purpose of administering agricultural aid and
assistance. These data have recently been updated by Raju et al. (2013), but not yet incorporated
into current Indian agricultural policies. In addition to agro-climatic zones, the diversity of crop
production and cultural practices in India are important aspects in the field of agricultural
geography. In this chapter, spatial patterns in human-environmental relationships in India and in
agriculture in India are explored using cartographic techniques. The spatial relationships between
India’s social and environmental contexts are also discussed to provide background for the
hypotheses tested in this study—namely, that drought patterns have changed between 1950 and
2009, and that these changes affected rice and wheat yields per hectare and also impacted overall
production in each district.
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2.1 Administrative Boundaries
In this research, aridity and cropping patterns were analyzed at the district-level. This is
mostly due to the nature of the climatic, agricultural, and census data available, discussed further
below, but from an administrative perspective, the district level provides better location-specific
policy applications than the state-level. According to the Indian Census (2011), there were 34
states and Union Territories (UT’s) in India (See Figure 2.1; UT’s are not labeled). The Indian
census data for states and districts in 2011 are used for this study because boundaries are often
changing in the country; this is the most relevant and recent census year for which official
borders are provided. While India is the largest democracy in the world by population, it
functions quite differently compared to the democratic structure of the United States. Instead,
Indian government functions similar to Canada’s, where legislative and administrative powers
are divided between the central and state governments. The central government has the ability to
trump state laws in all circumstances, but the Indian constitution does provide a list of state and
central government legislative powers for general purposes (Hardgrave & Koachanek 2008).
Within this system, Indian states play crucial roles in forming their own policies and also
administering policies created by the central government. For example, Indian agriculture,
particularly rice and wheat crops, are heavily regulated through a public distribution system
(PDS) where the central government directs states to provide subsidies to farmers in the form of
Minimum Support Prices (MSP), procure particular food items for storage, and distribute them
as needed to maintain food security throughout the country (Balani 2013). While this is not a
main focus of this study, a discussion of government influences on agricultural production will
follow. The state map in Figure 1 presented below will be referenced throughout the paper with
respect to state locations.
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Figure 2.1 This map represents Indian States (excluding Union Territories) and selected major
cities. This particular map includes the Indian claimed but Pakistani administered area of
Kashmir in the far north. All maps presented henceforth only include the Indian administered
area of Kashmir. (Cartography by Aaron Shew, Indian Census, 2011).
9

The states in Figure 2.1 (above) are comprised of approximately 594 districts, which can be seen
in Figure 2.2 below. While district level maps are presented throughout the study, district names
are not included. In Figure 2.2, districts within Indian states are displayed; districts in Pakistaniadministered Kashmir are omitted.

Figure 2.2 This map represents Indian Districts within the Indian States outlined in Figure 2.1.
(Cartography by Aaron Shew, Indian Census 2011).
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The district level was selected for this study for various reasons. First, the drought index
used in this analysis—the self-calibrated Palmer Drought Severity Index (sc-PDSI)—was
produced from observational data (e.g., temperature, precipitation, etc.) and then interpolated
globally onto a uniform half degree grid (Harris et al. 2013). Thus, each raster pixel of
approximately 55 km by 55 km was assigned a sc-PDSI value (Schrier et al. 2013). This will be
discussed in greater detail below, but is important for site selection because district-level sc-PDSI
averages were derived from this grid. Furthermore, the Indian Census from 2011 included 594
administrative districts. When combined with a national area of approximately 3,287,240 square
kilometers, the average district area is 5,534 square kilometers. Out of all of India’s
administrative levels, districts most closely resemble the half degree grid of sc-PDSI values, and
provide the best scale for assessing drought at local and regional levels. Moreover, the Indian
Ministry of Agriculture provides statistical information only for the district, state, and national
administrative levels; thus, nation-wide research conducted at the district scale is the most
accurate data source currently available. For the state and central governments to create
appropriate policies for drought mitigation and relief, the district level is the most efficient scale
to monitor, evaluate, and enact drought programs. Drought prone areas are defined by the Indian
government based on district-level data and this relates directly to the monitoring and declaration
of drought by the nation, state, or district (Rathore 2005; Chakrabarti 2016).

2.2 Human Geography
India is one of the most diverse places on the planet—both socially and culturally.
Between 1929 and 1979, India went from a population of 200 million to 600 million (Randhawa
1979), and recently, the World Bank (2016) estimated the population at approximately 1.3 billion
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persons. The United Nations predicts that India will surpass China as the most populous country
in the world by 2030, overtaking China somewhere around 1.45 billion (United Nations 2013).

Figure 2.3 This map represents the total population living in each district. Note the concentration
of highly populated districts in the central-northern plains (in the states of Uttar Pradesh and
Bihar) and in the southeast (Andhra Pradesh State), and also the sparse populations of the
northeastern states. (Cartography by Aaron Shew, Indian Census 2011).
Moreover, India is ranked the seventh largest country in the world by area. Above, a map is
provided of India’s population by district from the 2011 census (Figure 2.3); therein, populations
12

are more heavily concentrated across the central northern plains and on the southeastern area of
the Deccan Plateau, which is further defined below.
Additionally, India’s population is rapidly urbanizing, partly due to mechanization in
agriculture (Rosenblum 2013). Nonetheless, Chandramouli (2011) showed that nearly 70% of the
population still remains in rural areas. Approximately 50% of the employed population of India
works in the agricultural sector, and many of them are subsistence or self-sufficient farmers
(World Bank 2012). On account of this, the Government of India (GOI) has sought to reduce
food insecurity via various schemes, e.g., the National Food Security Bill of 2013; however,
Kumar et al. (2014) showed that reductions in food insecurity and poverty have been slow,
compared to other nations in terms of increases in per capita GDP. More specifically, Dreze &
Sen (2013) found that India’s development in both the global and South Asian contexts has not
only been slow, but the implementation of better standards for healthcare and education has also
been virtually halted despite newfound economic growth.
In this study, illiteracy, scheduled castes, and scheduled tribes (defined below) are used as
indicators for vulnerability due to poverty and social circumstances. Those who cannot read and
write are more easily taken advantage of, and often find less work opportunities than those who
have some degree of literacy (Mehta & Shah 2003; Parker & Kozel 2007). Illiteracy reaches
nearly 65% in some districts and can be even higher for females (Indian Census 2011; Figure
2.4). Scheduled castes and scheduled tribes are peoples who have been socially, economically,
and politically disadvantaged throughout Indian history. Historically, scheduled castes were
relegated to manual labor or labor considered undesirable by the middle and upper echelons of
society. Scheduled tribes, however, are also known as adivasis, which means an “original
inhabitant” in Hindi and Sanskrit (Indian Census 2011).
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Figure 2.4 This map presents the percentage of illiterate persons in each district of India. Note
the heavily illiterate districts in the western state of Rajasthan, the central-eastern states of Uttar
Pradesh and Bihar, and southeastern states of Chhattisgarh and Andhra Pradesh. (Cartography by
Aaron Shew, Indian Census 2011).
Scheduled castes and tribes tend to be at the bottom of socio-economic strata and have little
opportunity to pursue education or work outside of their families “destined” position in society.
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Figure 2.5 This map represents the percentage of the total population of scheduled castes for
each district in India. Note the central-northern and southern states have large percentages of
scheduled castes. This correlates with the agricultural labor maps presented below. (Cartography
by Aaron Shew, Indian Census 2011).
The Indian Census from 2011 shows that nearly 17% of India’s population is categorized as
members of a scheduled caste, and almost 9% are designated as members of a scheduled tribe.
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Figure 2.6 Scheduled tribes are mapped above as a percentage of the total population in each
district. Scheduled tribes are a designation provided by the Indian government to signify that the
ethnic group or community is indigenous to the region. (Cartography by Aaron Shew, Indian
Census 2011).
In Figures 2.5 and 2.6, maps of scheduled castes and scheduled tribes are presented for the
district level to show the locations and clustering of socially and economically vulnerable
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communities. These maps are referenced and further analyzed in the discussion section where
drought and agricultural impacts are outlined in greater detail.
The Census from 2011 also provides data on main cultivator and main agricultural labor
populations (See figures 2.7 and 2.8 below). Main cultivator populations are defined as the
number of people involved in agricultural production and who own land or employ agricultural
laborers. In the Indian District Database, a person was considered a cultivator if they were
“…engaged either as employer, single worker, or family worker in cultivation of land owned or
held from government or held from private persons or institutions for payment in money, kind, or
share of crop. Cultivation included supervision or direction of cultivation.” Main cultivator
populations are limited primarily to staple crop production; thus, cultivators were not fruit,
vegetable, or plantation-style farming. Agricultural laborers were those who worked another
person’s land for wages in cash, kind, or share. These laborers did not necessarily carry the risk
of cultivation (Vanneman et al. 2000). In comparing the maps representing demographics and
social factors, we can see that the central-northern plains are consistently more populous and
illiterate, and generally have more scheduled castes and tribes. In some ways, this region can be
considered India’s “poverty belt”, where subsistence agriculture is the most important form of
employment spanning the central-eastern Gangetic plain. Climate scientists have also identified
this region as vulnerable to some of the most rapid climatic shifts, particularly toward dryness
(Roxy et al. 2015; Raju et al. 2013); moreover, this region is a major food producing area where
rice, wheat, maize, pulses, and vegetables, among other crops, are grown for distribution
throughout the country. These factors together form the framework for analyzing social and
agrarian vulnerability to climate change.
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Figure 2.7 This map represents the main cultivators in each district as a percentage of the total
district population. Main cultivators are those people who own or manage agricultural land and
employ laborers to do farm work. (Cartography by Aaron Shew, Indian Census 2011).
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Figure 2.8 This map represents main agricultural laborers as a percentage of the total population
in each district. Main agricultural laborers are those employed by agricultural industry but do not
own or manage the land on which they work. (Cartography by Aaron Shew, Indian Census
2011).
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2.3 Agricultural Geography: Physical Geography and Agro-Climatic Zones
Another unique characteristic of India’s geography is its various climatic and agricultural
zones. Climate and agriculture are both influenced by, and to some extent defined by the physical
geography of a region. Climate is primarily defined by long-term averages in precipitation and
temperature, which are affected by numerous features in the physical landscape, including:
mountain ranges, vegetation, surface water, and altitude, among many others. These features,
combined with climatic characteristics and the feedbacks between them, create ecotones across a
landscape. Agricultural production is significantly affected by soil types and distribution,
altitude, and ground and surface water availability. A brief overview of the applicable landscapes
is essential to understanding the nature of drought and its implications for agricultural
production, while bearing in mind that there are many more landscapes and ecotones in India
than what is discussed in this paper. In this section, I present maps of some of India’s primary
landscape features, e.g. soil distribution, mountain ranges, and rivers, and discuss their
importance in the delineation of agro-climatic zones and agricultural production.

Physical Factors in Agricultural Geography
Soil types and their distribution across the Indian subcontinent are notably important for
agriculture. Raychoudhury et al. (1963) meticulously documented the state-wise distribution of
soils and synthesized most of the work on soils up to that point in time into a single work. Later,
the Indian Society of Soil Science (1982) put together a review of all research on soil sciences
throughout the subcontinent, including various sections on soil characteristics and morphology at
the state level. While these data were gathered in India, the Food and Agricultural Organization
(FAO) and the International Union of Soil Science (1960) set out to create a global soil map. The
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Indian data was incorporated into this new international data set on soils. Soil distribution plays a
major role in helping scientists represent the various physiographic regions within India, from
the Himalaya-born soils in Himachal Pradesh to the vast Indo-Gangetic plains that stretch to the
Indian Ocean in West Bengal. Mountain ranges are one of the most important factors in soil
morphology; there are seven mountain ranges in India: the Himalayas, the Patkai, the Vindhyas,
the Satpura, the Aravalli, the Sahyadri (Western Ghats), and the Eastern Ghats.

21

Figure 2.9 This GIS map represents the distribution of Indian Soils. In the original GIS format,
the map is interactive and may be used to evaluate regional soil types. The map above is merely a
conversion of the interactive soil map into a hard copy, which leads to a loss of information. The
soil type abbreviations in the map can be found with detailed information in the interactive GIS
found at the link embedded in the source of the image. The purpose of the converted map here is
to exemplify the diversity of soil types found across India’s landscape as this most certainly
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affects agricultural production and the development of eco-tones across the sub-continent.
(Cartography by Aaron Shew).
The Himalayan range, formed more recently—around 70 million years ago during the
convergence of the Indian and Asian tectonic plates, whereas the Ghats ranges are thought to
have formed around 150 million years ago due to the break-up of the Gondwana super-continent
(Barron et al. 1981). As these mountain ranges formed, rivers and drainage basins were created
or shifted. Rivers also influence the formation of soils, and in India, there are seven major river
systems, including: the Indus, Brahmaputra, Narmada, Tapi, Godavari, Krishna, and Mahanadi
Rivers, which form in three major watersheds: the Himalayan and Karakoram Ranges, Vindhya
and Satpura Ranges and Chotanagpur Plateau, and the Sahyadri (NIH 2008). Mountain ranges
and rivers, along with biotic components and wind, weather rocks and minerals into small
particles, which then form soils as they are combined, distributed, and deposited. These soils
help define the environmental bounds for vegetation. The map in Figure 9 was created from FAO
soil data.1 Following Figure 2.9, a map of India’s mountain ranges and rivers is presented (See
Figure 2.10 below).
Latitude and longitude affect day length throughout the year, and this provides limitations
to the spatial distribution for certain crops whose flowering is sensitive to photo-periodism (i.e.
the length of day and night). India lies between 8.0744 and 37.2981 degrees North latitude and
between 68.1314 and 97.4131 degrees East longitude. Similar to latitude and longitude, altitude
also has a significant effect on agriculture. Altitudinal zones of vegetation are created by
variations in temperature, humidity, and solar radiation, among other factors; this was first
hypothesized by Humboldt (1845). Due to the various mountain ranges discussed above, India’s

The full list of soil units and their descriptions can be found at:
http://www.fao.org/fileadmin/user_upload/soils/docs/isricu_i9264_001.pdf.
1
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elevation has substantial variation, from below sea level in Kerala to the third highest mountain
in the world in the northeast. In Figure 2.10, the wheat and rice growing regions are somewhat
outlined by the green areas that span the Indo-Gangetic plain from the central northeastern region
to the Bay of Bengal, and from the Bay of Bengal down the east coast to the Palk Strait which
separates India and Sri Lanka.

Figure 2.10 This map was produced with the “Generic Mapping Tool” to display relief and
rivers of South Asia. The image is available under the GNU General Public License Version 3 as
provided by Creative Commons at the following web address:
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https://commons.wikimedia.org/wiki/File:India_topo_big.jpg. The green, lower elevation area
south of Nepal is the Ganges Plain. Note that as on travels into central and south India, the
elevation increases to form the Deccan Plateau. Again, to the west one can see the low-elevation
deserts of Gujarat (near Dwarka) and Rajasthan (near Jaisalmer). 2
The highest point in India is Mount Kangchenjunga (8,586 meters), also the third highest
mountain in the world (See Figure 2.11 below). Mount Kangchenjunga lies on the border of
Nepal in the northwest area of the Indian state of West Bengal. Rice producing areas are
discussed further below, but notably, “Mountain Rice” is grown in high altitude regions between
the city of Darjeeling and Kangchenjunga (See Figure 2.12 below). Additionally, the lowest point
in India is Kuttanad, Kerala (-2.2 meters) in Southwest India, which is also known for
widespread rice paddy production—likely the most intensive agricultural activity at this altitude
in the world (See Figure 2.13 below).

2

The map has been created with the Generic Mapping Tools: http://gmt.soest.hawaii.edu/ using
one or more of these public domain datasets for relief:

ETOPO2 (topography/bathymetry): http://www.ngdc.noaa.gov/mgg/global/global.html

GLOBE (topography): http://www.ngdc.noaa.gov/mgg/topo/gltiles.html

SRTM (topography): http://www2.jpl.nasa.gov/srtm/
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Figure 2.11 This is a view of Mt. Kangchenjungua from Darjeeling looking northeast.
(Photography by Aaron Shew).

Figure 2.12 This is an image of mountain rice cultivation near Darjeeling, characterized by
terracing and dependence on rainfed irrigation systems. (Photography by Aaron Shew).
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Figure 2.13 This is an image of the cultivation of rice paddy in Kuttanad, India. This type of ric
production is characterized by gravity-fed irrigation in nearly level fields. This type of
production is often accompanied by pump houses for groundwater irrigation in the case of
monsoon failure. (Photography by Aaron Shew).

Climate: Characteristics of the Monsoon
Finally, climate and agriculture in India are affected by the southwest monsoons. In
monsoonal climates, the start date, end date, and duration of the monsoon period are important in
understanding the relationships between the monsoon, long-term climatic trends, and their
potential impact on agricultural production or any other industry (Ranade, A. et al. 2007). The
monsoon is generally characterized as the reversal of winds during part of the year, usually
between June and September in India. The reversal of winds creates a dramatic change in
precipitation patterns, so in monsoonal climates and India in particular, there tends to be a
distinct dry season and a monsoon-driven wet season. This reversal of winds is caused by a steep
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change in temperature gradients from the surrounding oceans and the mainland that heats up
faster at the onset of summer (Glossary of Meteorology 2000).

Figure 2.14 This map represents the Köppen-Geiger Climate Classifications across Asia. The
graphic was produced using an interactive GIS, and as such, is displayed with a loss of
information from the digital to analog conversion particularly for the legend. Note that the
climatic classifications represented in India are “Am”—tropical monsoon; “Aw”—tropical
savanna; “BSh”—hot semi-arid; “Bwh”—hot desert; “Cwa”—humid sub-tropical; and “Cwb”—
subtropical highland. These together show the distribution of climates in India (Peel et al. 2007).
The southwest monsoons in India are created by the abundant water features surrounding the
peninsula of the South Asian sub-continent and the convergence of winds against the high
altitude Himalayas that stretch across Northeast India. The winds and the precipitation they carry
are forced to the northwest over the plains toward Pakistan. The monsoon is less affected by
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other mountain ranges because they are (generally) parallel to the direction of winds rather than
perpendicular.
The monsoon is often a boon for farmers because it is the primary source of irrigation,
and it is highly anticipated by the general public. The Indian Institute of Tropical Meteorology
has tried to predict the monsoon since 1884, following a great famine in the late 1870s (Gadgil
and Srinivasan 2011). However, in recent trends, the monsoons have become less predictable and
sometimes provided far less or far more rain, both of which cause devastation to crops (Pai et al.
2010). The Indian Meteorological Department produces monsoonal progress maps each year
(See Figure 2.15 below). These maps show the predicted (normal) timing of monsoonal advance
and the onset of the monsoon for the current year.
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Figure 2.15 This map shows the advance of the 2012 monsoon as compared to the normal
(average climatic) monsoon. Note the green lines represent the date of the monsoon onset for
2012 and the dotted red lines represent the average date of onset. In this particular year, the
monsoon had a delayed onset as it approached the north over a weak behind the normal.
(Cartography by the Indian Meteorological Department).3

Spatial Distribution: Rice, Wheat, and Agro-diversity
To conclude this section, maps of rice and wheat production and agro-diversity are
presented for the district level to indicate their distribution across India’s districts (See Figures

3

Available from: http://www.gujaratweather.com/wordpress/?tag=gorakhpur.
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2.16 and 2.17 below).

Figure 2.16 This map shows the average metric tonnes of rice produced per hectare for the time
period between 1998 and 2010 in each district. (Cartography by Aaron Shew).
Rice production is generally concentrated across the northern plains in the states of Punjab,
Haryana, Uttar Pradesh, and West Bengal, and along the southern and eastern coastal states of

31

Orissa, Andhra Pradesh, Tamil Nadu, and Kerala. More than half of India’s population eat rice
(Oryza sativa) as their staple food (GRiSP 2013). In 2008-09, rice accounted for more than 40
percent of all food-grain production in India (GRiSP 2013), and in 2009, approximately 30
percent of per capita caloric consumption was from rice. While rice production increased
somewhat steadily between the mid-1990s and 2010, weather anomalies suppressed the potential
of India’s rice production. Singh et al. (2015) explained that hybrid rice production in India lags
far behind other low-income countries in Asia, mostly due to poverty and lack of market access.
Moreover, while traditional varieties can produce comparable yields to hybrids in normal
conditions, they do not grow well under the stressful production conditions that most often
define Indian agriculture. With respect to climate, rice is the most water-intensive and widelyconsumed food-grain crop, leaving it more vulnerable to weather anomalies and changing
climatic conditions. In 2008, only about 60 percent of Indian rice production was irrigated (FAO
2012), which leaves a significant number of farmers and food insecure populations at risk during
times of drought.
Another important crop in India is wheat (Triticum spp.), whose worldwide production in
2012 was approximately 671 million metric tonnes.4 Of this amount, Indian farmers produced
nearly 95 million metric tonnes on approximately 30 million hectares. India’s top wheat
productivity area lies in the grain belt spanning Madhya Pradesh, Uttar Pradesh, Haryana, and
the Punjab in the northern areas. Wheat is often produced as a winter crop following summer rice
production. Additionally, India grows more hectares of wheat than any other country in the
world, but produces slightly less than China, making India the second largest wheat producer in

Crop Information—2012 Maize, Wheat, Rice
http://www.nue.okstate.edu/Crop_Information/World_Wheat_Production.htm.
4
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the world in overall production (Farmers’ Portal 2015).

Figure 2.17 This map shows the average metric tonnes of wheat produced per hectare for the
time period between 1998 and 2010 in each district. (Cartography by Aaron Shew).
Because wheat is often planted as a winter crop, it is more adaptable than rice, growing in high
and low altitudes and at wide range of temperatures. While wheat certainly needs water, the
amount required for a good harvest is typically much lower than for rice production. Importantly,
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wheat is the staple crop for many of India’s dry regions, including Rajasthan, Gujarat, and
Maharashtra, among others.
Rather than mapping the total metric tonnes produced, which yields very high numbers
for a few districts primarily in Punjab and Andhra Pradesh, metric tonnes per hectare were
mapped as a measure of productivity. This measure of productivity shows one of two things: (1)
that farmers have the money to invest in agricultural inputs and technology, or (2) that they are
producing in a geographical and climatic context that is more suitable to production—i.e. access
to ground water or more predictable precipitation. One premise of this study is that producers
who are poorer and grow rice in places less suitable for production will be more adversely
affected by droughts and extreme weather events than those who are able to access better inputs,
specifically water, and more efficient agricultural technologies. To help parse this out, the rice
production maps are compared to the human geographical factors presented above and an agrodiversity map below (Figure 2.18).
Agro-diversity was also mapped so that rice production could be compared to the
agricultural context of India as a whole. The agro-diversity map was created by dividing the total
number of crops (out of 111) grown between 1998 and 2010 in each district by the total crops
grown throughout India. This provided a measure of district level agro-diversity relative to the
country as a whole. In South India, agro-diversity seems to align well with higher efficiencies in
rice production. This confirms the work of Dinar et al. (1998) in showing that South India has a
particularly well suited geography and climate for rice production and agriculture more
generally, partially due to less monsoon failure in the south (Gadgil 2012). In the northern states
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of Punjab and Uttar Pradesh, the monsoon is less predictable and there is less agro-diversity.

Figure 2.18 This map shows the relative agro-diversity of India by District. The diversity index
is calculated by dividing the total number of crops grown in a district by the crops grown in
India. The map is displayed using standard deviations of the index. Note the relationship between
agro-diversity and states, outlined in black, especially the central-eastern state of Jharkhand.
(Cartography by Aaron Shew).
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However, the socio-economic contexts of Punjab and Uttar Pradesh, the former being wealthier
and the latter poorer, yield quite different results in rice production, presumably because of
access to inputs like seed, fertilizer, etc. and technologies such as mechanized ploughs and
irrigation systems.
These nuances of interaction between the climate, physical and human geography, and
agricultural production will be explored in greater detail throughout this study. The geographical
factors documented in this section display the dominant physical influences on the nature and
distribution of crops and agricultural production systems in India, and show the social, economic,
and cultural milieu across India’s landscape. They provide a framework for the study and
analysis of droughts and agricultural statistics, as well as the exploration of human vulnerability
at the district level in India. Building on this context, this study analyzed the occurrences of
drought, agricultural production, and poverty, divulging crucial information for policy makers.
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CHAPTER 3: Literature Review
This thesis predominantly falls under the sub-discipline of agricultural geography and
operates under theories developed within this field as well as within the context of
interdisciplinary global environmental change research. Historically, agricultural geographers
have primarily focused on aspects of environmental determinism in agricultural production, e.g.,
the ecological limits of crop production, and the spatial nature and patterns in agricultural
production, which are defined by factors of physical geography and climate (Grigg 2005). These
concepts still play crucial roles within the discipline; however, more recently, agricultural
geographers have started incorporating aspects of political economy, specifically, the impacts of
spatial elements on economic power, market access, and socio-economic status in rural
environments. This study takes a predominantly traditional approach to agricultural geography in
India in the sense that its focus is on droughts and climatic factors in rice and wheat production;
however, because agrarian vulnerability is affected by these environmental factors, aspects of the
relationship between poverty and socio-economic status are also explored. In recent decades,
global environmental change literature has become a prevalent field of study wherein humanenvironment dimensions are studied across disciplines. This section details the theoretical
framework for global environmental change, along with a history of drought in India, and
documents an overview of other studies of droughts and agriculture in the region, providing a
framework for the problems and analysis conducted in this study. In one of the following subsections of this chapter, a comparison of drought policies is presented with discussion of policy
creation, implementation, and effectiveness so as to lay the groundwork for the implications of
this study.
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3.1 Global Environmental Change
A critical part of this study is looking at how drought patterns affect agriculture and
human beings. This particular aim has been discussed in previous literature and is an integral part
of development programs that have formed in the context of global environmental change.
Global environmental change is generally defined as the “…outcome of processes that are
manifest in localities, but with consequences at multiple spatial, temporal and socio-political
scales (G.E.C. 2016).” Research in global environmental change is primarily focused on societal
causes for environmental change, which are broadly categorized in the following areas—
climate, coasts, biodiversity, food systems, land use/land change, water resources, urban areas,
and ecosystem services—and the reciprocal impacts of those changes back on society. Global
environmental change is often discussed in political forums across many levels of organizational
scale, from the district level in India to the global level of the United Nations. In this section,
global environmental change is discussed as a key issue of discourse for international
organizations and political entities, and it is also connected to society, climate change, and
agriculture.

The Impetus for Human-Environment Research
The United Nations (UN) has multiple organizations working on issues related to global
environmental change, including the UN Environment Programme (UNEP), the UN
Development Programme (UNDP), the Intergovernmental Panel on Climate Change (IPCC), and
the Food and Agriculture Organization (FAO). These organizations are directed to focus their
efforts on global environmental change as it relates exclusively to their particular focus, as well
as to combine efforts in understanding the cross-over implications of each branch. These
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organizations direct their primary efforts toward understanding the complex interactions between
humans and their environment for the purpose of finding sustainable solutions. To demonstrate,
these organizations identify the social and economic drivers of land degradation such as
overgrazing and over-cultivation. By identifying these factors, they find ways to engage
stakeholder communities in ways that are socially and economically viable, but also
environmentally sustainable.
The Millennium Ecosystem Assessment (MEA 2005) has implemented global studies to
examine the impacts of changing climate patterns and land-use patterns on ecosystems, as well
as their subsequent effects on human health. The MEA framework assesses the stability of
biosphere functions as they relate to human dependence and ecosystem services. To illustrate, as
instability accrues in climate and local environments, populations often become vulnerable to
health hazards such as food insecurity.

Figure 3.1 The World Health Organization’s outline for human-environment impacts and
the health implications that follow is critical to understanding the practical linkage between GEC
and humanity. This is available from: http://www.who.int/globalchange/environment/en/.
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Furthermore, the World Health Organization (WHO) integrates human-environment research into
goal-setting, program implementation, and monitoring and evaluation processes because it sees
global environmental change as a critical factor in present and future human health. In Figure
3.1, the WHO outlines various types of environmental and ecosystem changes, as well as the
potential consequences those changes have on human health. The WHO, among other
international organizations, has made the global environmental change framework a core part of
their work because they see well-informed management of natural resources as critical to
sustainable development. In this regard, improved agricultural management and decisionmaking on behalf of policy-makers helps farmers and vulnerable agrarian communities adapt to
climate change.
In addition to land-use patterns, humans are currently altering the environment in
unprecedented ways never seen before in human history. These changes often lead to negative
environmental outcomes like climate change, land degradation, and water and air pollution.
Humans are placing increasing demands on the environment through population growth and the
consumption of natural resources. As a result, this environmental change is making humans more
vulnerable to the negative effects that follow. Moreover, these environmental changes are only
one piece of the pie that further exacerbates human vulnerability; others include governance,
socio-economic status, and globalization. This concept is not new, in that it was outlined by the
Brundtland Commission (WCED 1987), but it has evolved to incorporate the complex
relationships between different types of vulnerability, as can be seen in a recent report of the
UNEP called the Global Environment Outlook – Environment for Development (GEO-4 2007).
In the case of most global environmental change studies, any potential threat of harm for
a system or people (generally) from an external source constitutes some level of vulnerability.
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The most important aspects of global environmental change literature for this study consist of the
framework for vulnerable ecosystems and people. Vulnerability analyses, as conducted by the
MEA, UNEP, FAO, etc., are conducted via “archetype” studies (GEO-4 2007). These studies
identify patterns of vulnerability that can be found across political, temporal, and spatial scales;
even more, the aim of these archetypes is to identify the characteristics of vulnerability that can
be solved at the policy level to achieve a reduced state of vulnerability at localized levels.
Because of rapid environmental, social, and economic changes in recent decades, vulnerability
assessment frameworks are still being formed, especially for localized contexts in the developing
world. In light of this reality, my present study uses aspects of current vulnerability frameworks
to link societal factors in India with climatic change in drought patterns and agricultural
production.

Linkages between Society, Climate Change, and Agriculture
In scientific literature, climate change research fits within a hierarchy of weather and
climate-related studies. However, global warming is only one aspect of global climate change,
and global climate change is only one aspect of global environmental change. Furthermore, the
discourse of global environmental change includes not only weather and climate-related
phenomena, but also changes in biodiversity, oceans, land-use, effects of economic integration
on human and natural systems, etc. The nature of the literature behind global environmental
change has transformed in the past decade to include these other areas because scientists have
begun to realize the importance of human responses and feedback to climate change (Leichenko
& O’Brien 2008). While better modeling of future climate change and a deeper understanding of
present and past climate change remains important, interdisciplinary research on the human-
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environmental interface has gained importance and emphasis because scientists have begun to
realize how integrated climate change is with human behavior. Moving forward, studies like this
one can provide platforms for evaluating climatic and social factors for their varied and
interacting implications where appropriate quantitative data is sparse. Climate change studies are
important, but the way forward will remain bleak without a sufficient framework for
understanding the impacts of particular types of changes on socio-economically and culturally
distinct communities. Moreover, how the responses of those communities are more or less
adapted to climate change will of critical importance for researchers and policy-makers to
understand. This is especially important where droughts are increasing in areas where agriculture
accounts for a significant portion of the total economy and people also live in severe poverty.
The discourse around changing, long-term weather phenomena in mainstream media and
other public spheres has primarily revolved around global warming trends rather than drying,
which was what this study evaluated. As well, public discourse tends to separate future climate
change from present and past changes or trends. This tendency relegates the impacts of climate
change to the future and ignores the present impacts of climate change on human and natural
systems, such as the inundation of rice paddy in coastal areas of Bangladesh and East Africa
(Steenbergen & Mondal 2015). Thus, in this study, connections were made to the past and
current climatic shifts to pragmatic implications for human populations by analyzing the
agricultural impacts of drought and identifying regions where social and economically depressed
populations coincide with communities that are dependent on agriculture.

3.2 Framework for Drought Policy Development and Assessment
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Many countries have failed to develop a cohesive drought policy or plan of action for
dealing with drought impacts, even though drought has caused severe economic damage and has
destroyed millions of lives throughout the past century. Often, drought policies that do exist are
incomparable to others due to their localized development and the lack of interaction between
policy-makers. This is problematic because policy assessments of what works and what does not
work are limited in how they make comparisons. However, there have been a number of
approaches to creating a more integrated drought policy approach internationally so that effective
policy frameworks can be scaled and adopted where they are most needed. In fact, this was the
reason for the “High Level Meeting on National Drought Policy” (HMNDP) in Geneva in 2013,
which was organized by the FAO, UN Convention to Combat Desertification (UNCCD), and the
World Meteorological Organization (WMO), among others.
In this study, drought impacts on agricultural production are considered, but it should also
be noted that drought in today’s world has impacts on energy, tourism, and transportation, among
other areas of society and economy. Generally, a drought policy is created with the intention of
reducing the risk to and the impacts of drought, which can vary across political, social, and
environmental contexts. Moreover, both climatic and societal factors influence the vulnerability
of communities to drought. To illustrate, the theme of the 2013 HMNDP was “Reducing
Community Vulnerability”, which for their purposes was related primarily to the sharing of
scientific information, policy guidance on best practices in drought management, prediction of
droughts, and proactive adaptation to droughts (WMO & GWP 2014). This recent plan of action
to become more prepared for droughts and to adapt to changes ahead of time is in some ways a
paradigm shift compared to the aid-driven policies of past drought programs.
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Comparative Drought Policies: Australia, the US, and India
The United States (US) and Australia both have long histories of drought and have
struggled with negative drought impacts on agricultural industry in recent decades. Importantly,
these countries are large agricultural exporters in the global economy and much of their GDPs
depend on the consistency of climate. Moreover, both Australian and US drought policies have
undergone many stages of development throughout the last century; but while the stages are
comparable between the two countries, the time frame for initiating the changes were dependent
upon the geographic context and climatic history of each country. Furthermore, due to the
particularly strong impact of drought on agriculture, farmers and farming communities have
played a crucial role in the development, implementation, and assessment of drought policies in
nearly every country that has experienced drought.
For most of the past century, but predominantly between the 1950s and 1970s, Australian
drought policies have focused on making agriculture invincible to drought through the
implementation of large-scale irrigation projects. Two issues came about as a result of this: (1)
irrigation relied on finite groundwater resources that dissipated with time and consumption,
leaving farmers back in the place where it started; and (2) some agricultural systems were
sensitive to high temperatures as well as reduced precipitation. Notably, irrigation is not a
panacea since droughts are often correlated with high temperatures and not just less precipitation.
To further demonstrate, in the 1970s, the Australian government began providing aid to farmers
and drought-affected areas through its national hazards program. This aid lasted until the early
1990s when the general public became skeptical of the benefits accrued by the agriculture
industry during droughts. The main criticism (also echoed at other times in the US) was that
farmers were not adapting to droughts, or using production systems that were suited to the
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drought-proneness of their region because of the government support to maintain the status quo.
As a result of this political upheaval, drought was removed from the national hazards program
and a new policy with more stringent oversight was developed to provide specialized drought
insurance policies and grant programs.
In 2008, an expert panel was formed to assess the social impacts of drought and provide
the prime minister with guidance on future drought policies (Drought Policy Review Expert
Social Panel 2008). This document produced controversial outcomes for farming families and
rural communities. Overall, the new perspective portrayed by the study was that rather than
having drought policies, the government should find alternative ways to support farming families
and rural communities so that they could live with drought. In this case, the panel decided that
future drought policies in Australia should focus on helping people and not supporting the
industries in which they work. Moreover, the policy mandates that followed the panel focused on
providing assistance ahead of time to instigate early adaptation to a drying climate, rather than
sending aid in the form of an agricultural industry subsidy, which seemed to be incentivizing
unsustainable agricultural practices. Though Australia experienced its worst drought in recorded
history between 2003 and 2012, the new plans have held together. In order to make their states
more drought resilient, Australian policy-makers have had to change agricultural practices and
find less water-intensive ways to provide revenue in rural areas. Many experts have endorsed this
plan due to the expected increase in severity and duration of droughts over the next century in
Australia (Steffen 2014).
In the US, the most widely-known occurrences of drought were during the 1930s’ ‘Dust
Bowl’ period. This drought was caused by a deficit in rainfall, but was strongly exacerbated by
land-degrading agricultural practices. To illustrate, agricultural practices for row crops at the
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time were primarily marked by deep ploughing, which without crop rotation and cover crops
during the off-season, created a scenario where topsoil was easily carried away by wind erosion.
Furthermore, where row crops weren’t produced, public lands were overgrazed by cattle and the
land was stripped of its ability to hold soil together, which also instigated massive amounts of
wind erosion. As a result, agriculture throughout the mid-western US was destroyed for nearly
half a decade, causing social, economic, and political turmoil. The US government initiated
several responses to the Dust Bowl at the time; notably, some of the organizations and
congressional acts that were created and passed are present today, in addition to some policy
updates (NDMC).
Under President Franklin D. Roosevelt’s guidance, the “Taylor Grazing Act” of 1934”
and the “Soil Conservation and Domestic Allotment Act” of 1936 were passed. The
aforementioned policy restricted open grazing on public lands and instituted programs for better
practices in pasture management, while the latter consisted of payments to both farmers and farm
laborers as a form of relief from the economic damage resulting from the drought. During the
same time, the Soil Erosion Service was created to establish better practices for soil management
on farms in the drought-stricken area. The Soil Erosion Service later became the Soil
Conservation Service, and is now managed under the US Department of Agriculture as the
Natural Resource Conservation Service (NRCS). During the Dust Bowl era, the NRCS aided in
the implementation of shelterbelts (to capture dust), and also trained farmers to rotate crops and
use cover crops to prevent erosion. Up to present day, the NRCS is responsible for monitoring
soil and land degradation, creating and enforcing policies for better management practices, and
conducting trainings with various stakeholders in natural resource industries such as agriculture.
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In recent decades, the US has implemented a number of other drought-oriented policies
and programs. These programs have primarily developed in order to promote better monitoring
and prediction of drought, as well as a more integrated processes of sharing information across
administrative levels. To illustrate, in 2006, the National Integrated Drought Information System
(NIDIS) was created to fill the gaps proposed by the National Drought Policy Commission that
what formed in 2000. The NIDIS operates under the management of the National Oceanic and
Atmospheric Association, but several other agencies are involved in the products and
information dispersed by the NIDIS, including the USDA and the NDMC. The NIDIS provides
regional forecasts of drought and its expected impacts on both agriculture and natural
environments. The tools created by NIDIS help policy-makers and practitioners gain access to
the same information on droughts, which makes for better cooperation across public, private, and
academic settings. Therefore, the information provided can be used to more accurately declare
the status of droughts and then effectively respond with aid. Various US agencies have been
created to deal with the practical applications of drought mitigation/adaptation pertinent to the
agriculture industry. Additionally, these agencies also implement better preparedness for
droughts by providing up-to-date information across administrative levels (Motha 2009). The
combination of these development factors forms a cohesive framework for addressing the risks
and damages of drought wherever they may occur.
In India, droughts have been on the policy docket for a long time—over a century—and
some have argued that the late 1870s’ drought was central to the very creation of the India
Meteorological Department (IMD). The IMD is now responsible for the dissemination of
drought information such as forecasts and early warnings of disaster onset. Though policies and
programs for drought management in India have existed for some time, they have often been
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implemented without cooperation across administrative or political scales and have lacked an
integrated, proactive approach to drought management as defined at the HMNDP in 2013. India,
like many other countries, has historically had an aid-based drought policy rather than one of
adaptation and preparedness; however, in 2010 the National Disaster Management Authority
(NDMA) created the “National Guidelines for Drought Management”. This document is the most
integrated approach to drought management in Indian history, and the guidelines address (to
some degree) the major issues highlighted by the HMNDP in 2013.
Further, the NDMA acknowledges that droughts in India are not only a function of lessthan-average precipitation, but are also affected by the inefficiencies of water resource
management throughout the country. The guidelines produced in this document form a
framework for drought management in India with an emphasis on preparedness rather than crisis
response. The NDMA also states the need for a greater understanding of the temporal and spatial
variability of drought hazards if the guidelines are to be implemented effectively. Even more, the
NDMA has suggested that India create the “India Drought Management Centre”, but even now,
this has not been established by the Central Government of India. As such, a number of
documents exist on potential drought management policies for India, but no action has been
taken beyond detached state-level monitoring and management policies, as well as the occasional
assessment of disparate central government agencies that are tangentially affected by drought
(e.g., the Ministry of the Environment, the Ministry of Agriculture, etc.).
Drought management, as outlined by the HMNDP and the NDMA in India, can be
divided into two main categories: (1) risk management, which focuses on preparedness for
droughts; and (2) crisis management, which focuses on emergency management during the
occurrence of droughts. The process of disaster management has been described as a cycle and
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moves through the first steps of planning to monitoring and prediction; then to disaster
occurrence and impact assessment; next to response and recovery; and finally to reconstruction
and mitigation before returning to the planning stage (WMO & GWP 2014). Overall, the most
effective risk and crisis management practices for drought, as stated under the HMNDP include:


Improved forecasting of droughts at the seasonal and short-term level.



Better cooperation across political and administrative levels to monitor the
occurrence of droughts and respond in integrated and cohesive ways.



Development of efficient information delivery systems and planned responses.



Mitigation strategies and on-the-ground training programs for resilience to
drought.



Emergency funding set aside for targeted drought relief.

These strategies and preparations for drought can make a difference in how strongly droughts
affect the local population. For many places around the world, India and Australia especially,
climate change is expected to increase the occurrence and severity of droughts. These projections
make it all the more pertinent to implement drought management policies that effectively and
proactively help vulnerable populations prepare for droughts. For some, these policies could lead
to changes in key industries like agriculture that may have developed under climatic conditions
that are no longer suitable for success. For others, these policies may lead to better information
sharing practices, drought forecasting, and response plans for emergency declaration. The
drought policies in Australia, the US, and India provide a framework for thinking about drought
patterns and how human populations can better prepare and adapt their changes. In chapter six of
this study, I discuss future recommendations for policies concerning the changing drought
patterns in India and their effects on agricultural production.
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3.3 A Brief History of Drought and Famine in India
In South Asia, famine and drought are age-old issues that date back to the beginning of
civilization in the sub-continent. Even in Indian mythologies, there are in-depth descriptions of
the relationship between human civilizations and the ebb and flow of the monsoon over time. In
the Rig Veda, which is one of the oldest religious texts in the world, hymns describe the rise and
fall of civilizations with that of the Sarasvati River (Singh & Ranade 2009), insinuating the
importance of rain in sustaining people their people. Correlatively, every major historical era in
Hindu mythology—the Vedic, Ramayanan, and Mahabharatan periods—is thought to have
ended in a time of drought or major climatological change. Even the downfall of the Indus
Valley civilization has been attributed to a series of droughts, one of which may have lasted 100
years, leaving reports of widespread hunger and disease epidemics for later generations to mull
over. Throughout its early history, the South Asian sub-continent faced numerous climatic
disasters. Accordingly, Kautilya (2nd-century BCE) later documented the creation of
(presumably) the first rain gage in Artashastra, a famous political, economic, and philosophical
treatise, and described the distribution of precipitation and temporal rainfall variation between
modern-day Bihar and Maharashtra (Mabbett 1964); thus, further signifying the importance of
drought monitoring throughout South Asian history, even in ancient times.
In the modern context, droughts and famine have strongly affected civilization just as
they did in ancient times. Between the late 18th and early 20th centuries, India was plagued with
severe droughts and famine. For example, in 1769-70, the Great Bengal Famine resulted in
approximately 10 million deaths, spanning territories from the Bay of Bengal to modern-day
Bihar (Raychaudhuri et al. 1983). A decade later, in the 1780s, the Chalisa famine occurred in
the northern and eastern states, and is conjectured to have taken approximately 11 million lives

50

(Grove 2007). In addition, the Great El Nino of the same time period caused depopulation in a
number of districts in the Deccan Plateau; and subsequently, during the early 1790s, the Doji
Bara famine took yet another 11 million lives (Grove 2007). The Doji Bara famine may have be
the worst famine ever recorded in terms of human lives lost. Undoubtedly, it is apparent in these
examples that droughts cause crops to fail and water sources to dry up, but they also create prime
circumstances for disease and epidemics, which contributed greatly to loss of life during this
time period (Raychaudhuri et al. 1983).
Multiple famines occurred throughout the 1800s, as well. The most damaging of these
occurred in the 1870s and again in the 1890s. These droughts were intensified by detrimental
colonial policies, which caused more than 20 million fatalities in India and as many as 50 million
worldwide (Davis 2001; Bhatia 1991; Ambirajan 1976). This illustrates the importance, not only
of drought, but also of the human context in which droughts occur. Prior to the British
occupation of South Asia, farmers would plant a diversity of crops, some for cash and others for
drought tolerance. They would then save enough grain for a few years in order to be prepared if a
famine were to occur. However, the British began taxing land heavily, and placed particularly
heavy duties on land not used for cotton production (Davis 2001). When the droughts occurred,
farmers were left without a baseline supply of food-grains and a tax burden that they were unable
to pay. Many starved not because of the droughts, but because of their inability to maintain
preparedness for droughts by saving part of their produce and their lack of financial capacity to
cope with losses from tax burdens.
While widespread famine in India has been kept under some control since independence
in 1947, the threat of drought to rural populations and agrarian communities remains a
significant issue. In recent studies, Dai (2011a; 2011b) discovered drying trends across the South
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Asian sub-continent over the last fifty years. Moreover, Singh & Ranade (2009) constructed a
study of wet and dry spells based on precipitation data from 1951-2007 across India; they found
that generally, wet places are growing wetter and dry places drier while places in between have
become more volatile and less predictable. Even more, Sontakke et al. (2008) provided an indepth analysis of monsoon patterns and drying patterns in 15 physiographic divisions and 49
subdivisions across South Asia. They found a 68% decrease in rainfall, mostly accorded with
changes in the monsoon. Furthermore, they discovered that monsoon intensity increases but
changes in spatial extent as the geopotential height gradient of the upper tropospheric isobaric
levels change between the Tibetan Anti-Cyclone region and the southern tropical Indian Ocean
(Sontakke et al. 2008). Similarly, the recent findings of Raju et al. (2013 and Roxy et al. (2015)
indicate drying over the Indian subcontinent throughout the past century, further confirming the
observations of Sontakke et al. (2008). Raju et al. (2013) found that there was a 27 percent shift
in agro-climatic zones across India, and 15 percent of this was accounted for by drier conditions.
Just as drying has intensified in some regions, so also has flooding in other regions, particularly
in the north and northeastern states (Raju et al. 2013; Roxy et al. 2015). These regional changes
have been identified; however, the nature of these changes has not been explored in great
detail—specifically in terms of temporal variation, spatial autocorrelation (i.e., concentration of
these events in specific areas or regions of interest), intensity, and frequency at the district-level;
nor have these drought periods been analyzed for their district level impacts on food grain
production or for potential effects on agrarian communities.
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3.4 Defining and Measuring Drought
Droughts can be defined in a number of ways. A more general definition states that a
drought occurs when a specified region receives less precipitation during a season, year, or
defined timespan, as compared to the average precipitation over a longer timeframe (FAO 2013).
For a more specific set of definitions, Wilhite & Glantz (1985) categorized drought into four
predominant approaches still used by many: (1) meteorological drought is a more general
category defined as the degree of dryness compared to an average for a particular region and is
often measured via precipitation; (2) hydrological drought is usually analyzed on the basis of
surface or sub-surface water flow and includes snowfall; (3) agricultural drought typically
constitutes aspects of both hydrological and meteorological droughts and also incorporates
evapotranspiration and soil physics; and 4) socio-economic drought links any or all of the above
droughts to the supply and demand of a particular good or industry. There are obvious overlaps
between each of these categories and their individual approaches to defining and analyzing
drought. The main focus of this thesis will be on agricultural and socioeconomic droughts in
India measured by a hydro-meteorological index, also known as the self-calibrated Palmer
Drought Severity Index (sc-PDSI; Wells et al. 2004; Dai 2010; National Drought Mitigation
Center 2006).
The Palmer Drought Severity Index (PDSI) is a normalizing hydro-meteorological metric
that was constructed for the purpose of comparing droughts across space and time (Palmer
1965). Specifically, the index uses a water balance model to account for soil moisture deficiency
over a specified period of time, usually calculated on monthly time-steps (Liu et al. 2013). PDSI
has strong correlations with actual soil moisture values (Dai et al. 2004); thus, PDSI makes for
an acceptable measurement of drought. To demonstrate, Palmer (1965) provided a step-by-step
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procedure for calculating the index. The original Palmer calculation is represented in Equation 1,
and estimates the monthly moisture departure for a specific location and time, using an empirical
constant in calculating a climatic characteristic (Fuchs 2012; Wells et al. 2004).
Equation 1—The original Palmer Drought Severity Index (Palmer 1965; Wells et al.
2004):
1
𝑋𝑖 = 0.897𝑋𝑖−1 + ( ) 𝑍𝑖
3
where
𝑍 = 𝑑𝐾
and where d represents the departure from normal terms of precipitation for a particular place
and time and K is a climatic characteristic to weight the moisture departure via the determined
location in Z. d is represented by the following equation (See Equation 2 below), followed by the
various input parameters for the equation, including: evapotranspiration (ET), recharge (R),
runoff (RO), loss (L), potential evapotranspiration (PE), potential recharge (PR), potential runoff
(PRO), and potential loss (PL).
Equation 2—Calculating the moisture departure:
𝑑 = 𝑃 − 𝑃̂ = 𝑃 − (𝛼𝑖 𝑃𝐸 + 𝛽𝑖 𝑃𝑅 + 𝛾𝑖 𝑃𝑅𝑂 − 𝛿𝑖 𝑃𝐿)
𝑃̂ = 𝛼𝑖 𝑃𝐸 + 𝛽𝑖 𝑃𝑅 + 𝛾𝑖 𝑃𝑅𝑂 − 𝛿𝑖 𝑃𝐿
where the water-balance coefficients are represented accordingly:
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as weights for the climate of a particular area and month. The climatic characteristic (K) of a
location used to weight the moisture departure (d) to allow for better comparison across space is
determined in Equation 3. The numerator “17.67” is the empirical constant that Palmer used
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from locational data across seven states in the Great Plains Region of the USA. This particular
method has been improved by recent developments in the field so that the index can be used
across geographies and climates different from that of the central region of the USA. Following
the equation (3) below, Table 3.1 is presented and describes PDSI values and their corresponding
interpretations.
Equation 3—Palmer’s calculation of the climatic characteristic K:
𝐾𝑖 =

17.67
𝐾𝑗′
12
̅
∑𝑗=1 𝐷𝑗 𝐾′𝑗

Table 3.1—Interpreting PDSI values for wet and dry periods (Palmer 1965):
PDSI Values
≥ 4.00
3.00 to 3.99
2.00 to 2.99
1.00 to 1.99
0.50 to 0.99
-0.49 to 0.49
-0.50 to -0.99
-1.00 to -1.99
-2.00 to -2.99
-3.00 to -3.99
≤ -4.00

Class
Extremely Wet
Very wet
Moderately wet
Slightly wet
Incipient wet spell
Near normal
Incipient drought
Mild drought
Moderate drought
Severe drought
Extreme drought

The original PDSI described above was constructed with the Thornthwaite calculation for
evapotranspiration (ET), from which potential evapotranspiration (PET) is further derived.
However, in later developments of the index, FAO (1998) found that the Penman-Monteith
equation more accurately represents ET and PET. In fact, Palmer (1965) suggested at the end of
his report that other methods of deriving PET might make the index more useful. Palmer used a
variation of the Thornthwaite (1948) calculation (Eq. 4).
Equation 4—Thornthwaite (1948) equation for evapotranspiration:
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𝐿
𝑁 10𝑇𝑎 𝑎
𝐸𝑇𝑜 = 1.6 ( ) ( ) (
)
12 30
𝐼
But this equation only utilizes average daily temperature (Ta) as an input parameter along with
the number of days in the calculated month (N), average day length hours of the calculated
month (L), a heat index calculation (I) derived from monthly mean temperatures from an entire
year, and α as equal to (6.75 x 10-7) I3 – (7.71 x 10-5) I2 + (1.792 x 10-2) I + 0.49239. By contrast,
the Penman-Monteith (1965) equation (5) uses more flexible and effective methods for
estimating evapotransporation.
Equation 5—Penman-Monteith (Montheith 1965; FAO 1998) equation for
evapotranspiration:

𝐸𝑇𝑜 =

900
0.408∆(𝑅𝑛 − 𝐺) + 𝛾 𝑇 + 273 𝑢2 (𝑒𝑠 − 𝑒𝑎 )
∆ + 𝛾(1 + 0.34𝑢2 )

This equation for potential evapotranspiration (ETo) uses a number of variables, including:
net radiation at the level of crop surface (Rn in mm day per day), soil heat flux density (G in MJ
m-2 per day), temperature at 2 meters above the ground (T as average daily mean), wind speed at
2 meters above the ground (u2 in meters per second), saturation vapor pressure (es in kPa), actual
vapor pressure (ea in kPa), saturation vapor pressure deficit (es - ea in kPa), slope vapor pressure
curve (∆ in kPa per degree C), and a psychometric constant (𝛾 in kPa per degree C) in order to
provide a much more robust calculation than what is used in Equation 4 above (FAO 1998;
Othoman et al. 2006).
Furthermore, the PDSI with the amended estimate for ET and PET from the PenmanMonteith equation was still inconsistent across large degrees of latitude or altitude because it
utilized a selection of absolute values (e.g. empirical constants) for certain parameters (Fuchs
2012; Liu et al. 2013). Wells et al. (2004) amended the PDSI equation to “self-calibrate” using
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dynamically—calculated parameters, specifically the K and duration parameters, for each
location; then calibrated (bounded) the index between the 98th and 2nd percentiles to compute
more accurate anomalies in moisture. Wells et al. (2004) analyzed the “self-calibrated PDSI” (scPDSI) over a large region and found that sc-PDSI has better comparability than PDSI across
latitudes and altitudes. sc-PDSI also reported extreme wet and dry conditions more consistently
than the original PDSI, when compared to measured values at what are considered normal
frequencies on both wet and dry ends of the spectrum.
sc-PDSI compares well with other meteorological metrics, including the Standardized
Precipitation Index (SPI), Sea Surface Temperature (SST) anomalies, the Standardized
Precipitation Evapotranspiration Index (SPEI), and precipitation (Vincente-Serrano et al. 2010;
Sousa et al. 2011; Liu et al. 2013). However, the sc-PDSI is only a measure of distribution in
climatic conditions with regard to a change from a defined ‘normal’ or baseline average in a
given locale, which makes the index more challenging to use in a changing climatic context.
Furthermore, researchers are unable to objectively define the climatic baseline, leaving room for
differing interpretations of drought for a particular location and timeframe. Schrier et al. (2013)
used temperature and precipitation data to calculate global sc-PDSI values on a 0.5 x 0.5 degree
grid; although, one weakness of this global dataset is that other factors such as soils and wind
speed were calculated from climatological averages between 1961 and 1990. This observation
could mean that the sc-PDSI values are slightly muted when compared over longer periods of
time, and could be exaggerated for recent events. Even with these weaknesses in the sc-PDSI, it
remains one of the most accurate and widely-used metrics for the analysis of drought; as such, it
was selected for the analyses of drought in this study.
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3.5 Characteristics of Major Food-Grain Production
Food-grain production in India and its relationship to climatic factors—e.g., droughts and
floods—is a crucial aspect of food security and farmer livelihoods. Rice, wheat, maize, sorghum,
and (mostly pearl) millet make up a significant portion of the Indian diet. As the Indian and
global population continue to grow, so does the demand for food-grains. Some have estimated
the need to increase food production by 70 percent over the next two decades in order to meet
future food demand, while also reducing the environmental footprint caused by agriculture
(Nelson et al. 2010). To further illustrate this need, wheat production increased from 10.39
million tonnes to 31.32 million tonnes, and rice production from 30.59 million tonnes to 52.67
million tonnes, between the growing seasons of 1965-66 and 1977-78 in India, primarily due to
advancements during the Green Revolution. Total food grain production increased from 70.34 to
125.60 tonnes during this same period (Randhawa 1979). These percentage increases in
production provided food access (both available and affordable in the local market) to millions of
people; however, over time, the Green Revolution yield enhancements have dwindled in their
ability to instigate two-fold increases in production. In the same way, changes in climate play an
increasingly detrimental role in food-grain production, particularly in low-income countries like
India. Thus, the second part of this study assesses the climatic effects on rice and wheat
production in India, and discusses the implications of these effects on farmers, food security, and
agricultural policies.
While this study’s focus is on rice and wheat, other important food-grains in India include
maize, sorghum, and millet. In 2012, over 872 million metric tonnes of maize (Zea mays) were
produced worldwide, but only about 21 million tonnes of this total were produced in India.
Indian maize production yields less than half of that of the US in terms of metric tonnes per
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hectare. This discrepancy is predominantly a result of the rain fed conditions in India, but also
stems from the lack of hybrid varieties (also an issue in rice production) there, which can
mitigate stresses from biotic and abiotic sources (Spielman et al. 2013). Similarly, sorghum and
millet are particularly critical in food insecure regions, especially for arid and semi-arid regions
like Rajasthan and Gujarat in Western India. Worldwide, about 500 million people rely on
sorghum as a staple food and many use the stalks as fodder and feed for livestock during dry
seasons. Specifically, India and China account for 40% of millet production (Prasad &
Staggenborg 2014). Even though sorghum and millet production is miniscule compared to other
major food-grains like rice, wheat, and maize, they are both important in drought-prone areas
(Prasad & Staggenborg 2014). Notably crops have different growing seasons across agroclimatic zones. Rice is grown for three seasons in some places like Kuttanad, Kerala, while
wheat is grown almost exclusively as a winter (rabi) crop in the northern plains. Therefore,
wheat reporting occurs almost entirely in the winter season. Additionally, sorghum and millet are
often planted along with other cash crops like maize to ensure food security in the case of
drought. For the purposes of this study, only rice and wheat are evaluated for the impacts of
drought because these are the main staple crops consumed throughout the country and are
produced in many more districts than other food-grains; however, further study could be done on
maize, sorghum, and (pearl) millet in the future to better understand the effects of drought on
more marginal areas of agricultural production.
Research linking climate change and agriculture has primarily been conducted in lab
settings. Climate scientists run simulations on various scenarios to isolate mechanisms that cause
change over time, while crop physiologists use growth chambers to understand the impacts of
different environmental conditions on crops. Lower-income countries like India provide
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particular challenges to researchers connecting these lab findings to on-the-ground reality. This
present study was an attempt to link the sc-PDSI, a well-founded climate index, with districtlevel agricultural and socio-economic data. This research may provide a conduit for more
practical studies that link climate change (i.e., increasing global temperatures, changing
precipitation patterns, sea level rise, etc.) to agricultural productivity and poverty. In summary,
this section provided an overview of relevant work related to this study, elaborating the
importance of global environmental change research frameworks, the history of drought and
drought metrics, and the characteristics of staple crops in the South Asian context. With this
background, the next chapter explains the specific methodologies employed to assess the
linkages between drought, rice and wheat production, and agrarian vulnerability.
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CHAPTER 4: Methodology
4.1 Data and Software
In this study, sc-PDSI from the Centre for Environmental Data Archival was used to
analyze patterns in drought between 1950 and 2009 as well as the impacts of drought on rice and
wheat production between 1998 and 2009 because these were the time periods for which data
existed for both sc-PDSI and agricultural production. van der Schrier et al. (2013) calculated scPDSI values for 1901-2009 on a global 0.5 x 0.5 degree grid, based on the CRU TS 3.10.01 data
sets.5 The sc-PDSI data were retrieved in the form of netCDF (*.nc) files from the Centre for
Environmental Data Archival (Royal Netherlands Meteorological Institute 2013). Values were
missing for areas near the Indian Ocean because the infilling technique Schrier et al. (2013) used
to provide missing values for raster cells only interpolated data across land area and the
calculation for a number of districts along the west coast would have required extrapolation.
Next, agricultural data for rice and wheat production for yield and area at the districtlevel in India were collected from the Indian Crop Production Statistics Information System for
the years 1998 to 2009 (DACNET 2014), for the purpose of analyzing the impacts of drought on
yield. Specifically, all agricultural data were collected from a crop production year spanning
from July 1st to June 31st of the following year because this is more appropriate for accounting
for the two predominant harvest seasons—e.g. the kharif summer harvest around
October/November and the rabi winter season around February/March; the years listed in the
dataset are for the calendar year in which the production year began. In other words, the
production year labeled “1998” represents agricultural data for the time period between July 1st,
1998 and June 31st, 1999. Where sc-PDSI and crop production data were modeled together, the
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Data access: http://catalogue.ceda.ac.uk/uuid/0ce9f24ff8719cced7f407694466c2ed.
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sc-PDSI calculations were adjusted to the annual average for the crop production year by
averaging the months during the crop year rather than the calendar year. These agricultural data
include hectares planted under the specified crop in a given district and the total number of
tonnes produced for that crop. Furthermore, these data were used to calculate yield in terms of
tonnes per hectare for each district by dividing the total metric tonnes produced in a district by
the total hectares planted in the district. Subsequently, these data were combined with sc-PDSI
data for the period of 1998-2009 and then were evaluated using ArcGIS, R statistical software,
and Microsoft Excel.

4.2 Geospatial Methods: the self-calibrated Palmer Drought Severity Index
sc-PDSI is one of the more robust methods of measuring drought for the purpose of
comparing different times and places. The original sc-PDSI data used for this study were stored
in netCDF files as a global dataset, which were converted into TIF (raster) files and clipped to
India’s administrative districts using a Python script (Appendix A). In the following map (Figure
4.1), an example of the TIF overlay clipped to India’s districts is displayed.

Figure 4.1 This is an example of sc-PDSI data on a 0.5 x 0.5 degree grid clipped to India’s
extent from the global dataset. (Cartography by Aaron Shew).
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Following this, the TIF files were then converted to Microsoft Excel files that contained monthly
values relating to latitude and longitude coordinates of raster centroids for the time period
between January 1950 and December 2009. Next, the data were transposed and joined to the
agricultural data from Excel using R scripts (Appendix A). These conversions, while unnecessary
in analyzing the entire period for drought patterns, were helpful for organizing the data for the
regression analysis on the agricultural data. From the excel files, a feature class shapefile of
“raster centroids” was created via x, y coordinates in ArcMap and was followed by a spatial join
to a “polygon centroids” shapefile of India’s 2011 administrative districts (GADM 2012). There
were 547 raster values (month-1 year-1) over all of India with each raster pixel covering
approximately 55 square kilometers. Thus, the majority of district polygons in India were
covered by the sc-PDSI raster mask, and the district values were interpolated via the value of the
nearest raster centroid, which in most cases was a layer (or partial layer) directly above the
district polygon.
The sc-PDSI makes it possible to compare droughts over time and across space; these
comparisons are based on the general descriptions of drought in Table 1. In this study, slightly
different categories were used to create bar plots for easier interpretation of changes in drought
over time. Specifically, only three categories were used to interpret sc-PDSI values for drought
(rather than the multiple categories originally used): wet (above 0), mild to moderate drought (0
to -1.5), and moderate to severe drought (< -1.5). A key question in this study was whether or not
the districts of India became drier between 1950 and 2009, and if so, how the dry and wet spells
changed from year to year. To demonstrate, a time-series bar plot of the all-India average, annual
sc-PDSI between 1950 and 2009 is presented to show the climatic trend in dry and wet spells for
the entire subcontinent. In Appendix (B), a series of state-level bar plots were created to pinpoint
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the driest and wettest states by year for the study period. The bar plots show the monthly scPDSI values from 1950 to 2009, while the maps described below represent the analysis of scPDSI decadal averages at the district level.
In this study, drought occurrence was analyzed using Moran’s I statistic for spatial
autocorrelation (Moran 1950). Overall, this statistic reveals the distribution of a global (whole
dataset) tendency toward spatial clustering or dispersion (Griffith 2009), and further shows the
degree to which clustering is present, for an entire region—in this case, all of India. The ArcGIS
tool for Moran’s I was used to calculate the global spatial autocorrelation for all of India
(projected in UTM Zone 44) for each decade.6 ArcGIS defines the statistic with weights of
inverse distance by the following equation:
𝑛 ∑𝑛𝑖=1 ∑𝑛𝑗=1 𝑤𝑖,𝑗 𝑧𝑖 𝑧𝑗
𝐼=
𝑆0 ∑𝑛𝑖=1 𝑧𝑖2
where zi is the deviation of an attribute for feature i from its mean (xi – 𝑋); wi,j is the spatial
weight between feature i and j; n is equal to the total number of features; and S0 is the aggregate
of all the spatial weights:
𝑛

𝑛

𝑆0 = ∑ ∑ 𝑤𝑖,𝑗
𝑖=1 𝑗=1

The zI-score for the statistic is computed as:
𝑧𝐼 =

𝐼 − E[𝐼]
√V[𝐼]

where:
E[𝐼] = −1/(𝑛 − 1)

6

From ArcGIS 2.2.2 Help—“How Spatial Autocorrelation (Global Moran’s I) Works”.
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V[𝐼] = E[𝐼 2 ] − E[𝐼]2
After calculating Moran’s I statistic for spatial autocorrelation, an Anselin’s Local
Moran’s I statistic was implemented for regional identification of spatial autocorrelation (Anselin
1995). This measure provided a unique and robust way to view the clustering patterns of drought
in particular regions of India. For example, this statistic identifies “hot spots” (areas that are
highly spatially auto-correlated with high values) and “cold spots” (areas that are highly spatially
auto-correlated with low values); the statistic is based on both spatial and sc-PDSI values and is a
way to evaluate Tobler’s (1970) law, which states that, “everything is related to everything else
but nearer things are more related than distant things.” ArcGIS was also used to calculate the
Anselin’s Local Moran’s I statistic of spatial association,7 and is defined by the equation:
𝐼𝑖 =

𝑥𝑖 − 𝑋
𝑆𝑖2

∑𝑛𝑗=1,𝑗≠𝑖 𝑤𝑖,𝑗 (𝑥𝑗 − 𝑋)

where xi is an attribute for feature i, 𝑋 is the mean of the corresponding attribute, wi,j is the
spatial weight between feature i and j, and:
𝑆𝑖2

=

2
∑𝑛
𝑗=1,𝑗≠𝑖(𝑥𝑗 −𝑋 )

𝑛−1

−𝑋

2

where n equates to the total number of features.
The 𝑧𝐼𝑖 -score for the statistics is computed as:
𝑧𝐼𝑖 =

𝐼𝑖 − E[𝐼𝑖 ]
√V[𝐼𝑖 ]

where:
E[𝐼𝑖 ] = −

∑𝑛𝑗=1,𝑗≠𝑖 𝑤𝑖𝑗
𝑛−1

From ArcGIS 10.2.2 Help—“How Cluster and Outlier Analysis (Anselin Local Moran’s I)
works”.
7
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V[𝐼𝑖 ] = E[𝐼𝑖2 ] − E[𝐼𝑖 ]2
In ArcMap, Anselin’s Local Moran’s I Statistic is interpreted into four categories: (1) high-high,
which means there is spatial clustering among wetter districts; (2) high-low, which means there
is spatial clustering between a wet district and surrounding dry districts; (3) low-high, which
means there is spatial clustering between a dry district and surrounding wet districts; and (4)
low-low, which means there is spatial clustering among dry districts. Values that fall outside of
these four interpretations are statistically insignificant. In the ArcMap spatial analyst module for
Anselin’s Local, the “Conceptualization of Spatial Relationships” was set to
“Inverse_Distance_Squared” in order to provide more weight in the computation for districts that
are closer to one another.

4.3 Analysis of Rice and Wheat Production
With regard to crop production, ordinary least squares (OLS) linear regressions were run
to analyze if sc-PDSI values, i.e., droughts and floods, have an impact on rice and wheat
production. Rice and wheat are the most-consumed staples in India, and they also represent a
spectrum of environmental requirements for production, in that rice requires more water and is
generally a summer crop and wheat requires less water and is generally a winter crop. The
monthly sc-PDSI data were averaged for each crop year (July to June of the following year)
between 1998 and 2009 to model the data with annual rice and wheat yields per hectare and
hectares of each crop planted in India’s districts. Overall, there were 5,555 observations for rice
production and 4,800 for wheat production across all years in India’s districts. Over the time
period 1998-2009, there were rice and wheat observations for 554 districts. These data were
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analyzed in R statistical software (See Appendix A). The scatterplots below show that linear
regression models were appropriate for the data (Figures 4.2 and 4.3).

Figure 4.2 This scatterplot is of wheat in terms of hectares planted, MT per hectare, and scPDSI. The relationship between sc-PDSI and wheat seems to be linear based on these plots. Note
also that the tonnes per hectare seem to go up exponentially as less hectares are planted.
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Figure 4.3 This scatterplot of rice shows the hectares planted, MT per hectare, and sc-PDSI.
Note that all of the relationships in the these plots seem linear.
In the regression model, Indian states were included to evaluate the fixed effects of
location. India’s agricultural policies vary tremendously across states, so using these as
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categorical variables increases the potential of the model in explaining variations in yields or
hectares planted at the district level. Thus, the equation is:
̂𝑖 = 𝛼 + 𝛽1 𝑋𝑖 + 𝜸𝑖 + 𝑒𝑖
𝑌
where 𝛽1 is the constant coefficient and 𝑋𝑖 represents the annual average of sc-PDSI; 𝜸𝑖 is a
vector for location, i.e., which Indian state a district is located, and 𝑒𝑖 is the error term. These
variables were run in two regressions: (1) to account for the influence of droughts on the per
hectare yields for rice and wheat respectively, and (2) to estimate the influence of droughts on
the total hectares of rice and wheat planted in the district during a drought year respectively. In
these regressions, the base state is Andhra Pradesh. Years were not included in these regressions
due to the high collinearity between time and drought. The regressions provide an in-depth look
at the geography of food-grains, specifically rice and wheat, as they relate to drought and climate
across Indian states for the selected time frame. State maps of the results are created to visualize
the spatial distribution of these drought impacts.

4.4 Identifying Vulnerable Districts
By combining data from droughts and census data from 2011, particularly vulnerable
districts can be identified. Using Indian census data from 2011 population dynamics were
assessed at the district level. Specifically, the census data provided household information about
age, gender, the number of people per household, employment sectors, illiteracy, and other
attributes. For this project, data for “Main Cultivator” populations, “Main Agricultural Labor”
populations, “Scheduled Castes”, “Scheduled Tribes”, and “Illiterate Persons” were used as
proxies for poverty in order to determine which districts of India tend to be more impoverished.
Illiteracy rates can reach 65 percent in some districts, and this is often highly (positively)
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correlated with scheduled castes or tribes. Moreover, scheduled castes and tribes tend to be at the
bottom of the socio-economic strata and have little opportunity to pursue education or work
outside of their family’s “destined” position in society. “Main Cultivators” are considered
owners of agricultural land, or those who employ agricultural labor; while “Main Agricultural
Labor” generally refers to hired workers in the agriculture sector.
Vulnerability in this context is a measure of a districts relative exposure to both climatic
changes and socio-economic issues, as compared to other districts in India. Specifically, the
climatic characteristic is the tendency for droughts to cluster in certain regions, while illiteracy
and scheduled castes and tribes are socio-economic indicators for poverty. In essence, these
variables were used as proxies to show the ability of a community to adapt to the changing
drought landscape. This is based on research confirmed by Leichenko & O’Brien (2008), Mehta
& Shah 2003, and Parker & Kozel 2007 that those who are illiterate or from oppressed sociocultural backgrounds have greater difficulty coping with environmental changes due to their
inability to move or use finances to lessen the burdens imposed. Using several geoprocessing
steps—i.e. select attributes, export data to shapefile, and merge shapefiles—districts in the upper
quintile for the total population of main agricultural labors or cultivators were identified in order
to qualify where the vulnerability is likely more specific to agrarian communities. Then, using
ArcMap to create queries, vulnerable districts were selected based on the following criteria: (1)
spatial auto-correlation of droughts during 1980-2009, as designated by “LL”; (2) illiteracy in the
upper quintile; (3) main agricultural labor in the upper quintile; and (4) scheduled caste or tribes
in the upper quintile. Each of the qualifying districts was selected, exported as its own layer and
then merged into new polygon shapefiles in ArcMap to produce a map of agrarian vulnerability
for all districts. By doing this, the study was able to identify districts where more extensive
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research on double exposure could be conducted and where development programs should be
focused.

4.5 Assumptions and Limitations
The data used to create the PDSI dataset were assumed to be accurate for the Indian subcontinent for the chosen period. This is a valid assumption because instrumental data for
precipitation and temperature exist for most of India, dating back to the first and second decades
of the 19th century. However, these data exist only for certain weather stations, which have often
changed, been created, or have disappeared altogether. In Schrier et al. (2013), the sc-PDSI
values were infilled both spatially and temporally; thus, the data for a given district have gone
through several transformations prior to the development of this study. Furthermore, while
changes in drought patterns from 1950 to 2009 were evaluated in this study, the sc-PDSI
calculations were calibrated for the 100-year period from 1910 through 2009, so the negative
trends in sc-PDSI observed from 1950 to 2009 may be slightly exaggerated due to a wetter first
of half of the century or could be muted due to the longer time span used to create climatic
averages. Thus, one should first see the relative direction of sc-PDSI as the most important
factor, secondly, the duration of sc-PDSI in that direction, and thirdly, the extent of drought for a
given monthly or annual timeframe. Nonetheless, these are the best data available for sc-PDSI in
India on this scale.
Similar to sc-PDSI data, the district-level agricultural data are the best available at this
scale in India. The study of drought impacts on annual rice and wheat crops is particularly
limited due to the lack of seasonal production data. So, while the study estimates the impacts of
drought on these crops in terms of both total district production and yield per hectare, there a
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likely a number of other influential factors for which data are not available. These factors may
include: state-level agricultural support programs, the amount of irrigation in a district, market
prices for each crop, input prices for each crop, the percentage of marginal versus productive
land in a district, and farmer preferences in planting. These data do not currently exist, so the
focus of this study was to account for any aggregate relationships that may link sc-PDSI and rice
and wheat production.
Numerous studies have elaborated on various frameworks and methodologies for
identifying different types of vulnerability, i.e., socio-economic, cultural, climatic, natural
hazards, etc., but these frameworks have often lacked data to for analyses in the South Asian
context. This study selected illiteracy, scheduled castes, and scheduled tribes as indicators for
socio-economic and cultural vulnerability, and combined them with main agricultural labor and
main cultivator labor to see where agrarian communities may be more vulnerable. Additionally,
the occurrence of drought is used as a measure of vulnerability to climate change. Due to the
coarse nature of the census data, it is impossible to distinguish which communities are more or
less illiterate. The study is therefore limited in what it can elicit about the magnitude of
vulnerability in a district, although it does infer where agrarian vulnerability is likely to exist.
Overall, this study assumes that where illiteracy, scheduled castes and tribes, and agricultural
work are all prevalent, they are also occurring in the same proportion of the population. In future
research, this may be elicited through household surveys and more involved field work where
agrarian decision-making can be better evaluated and climate change adaptation opportunities
identified; moreover, this present study may help researchers focus upon which districts require
this deeper explanation. In conclusion, this section detailed the particular methods used to
analyze and connect drought with rice and wheat production and agrarian vulnerability.
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CHAPTER 5: Results and Analysis
This research analyzed the occurrences of droughts in India between 1950 and 2009, and
then assessed the effects of drought on rice and wheat production in MT per hectare and the total
hectares planted between 1998 and 2009. To analyze droughts, various bar plots, tables, and
maps were created for different scales, and this was followed by district-level statistical analysis
of the decadal droughts using Moran’s I and Anselin’s Local statistics for spatial autocorrelation.
Next, the relationship between droughts and rice and wheat production in MT per hectare and
total MT per district were explored using linear regression for years between 1998 and 2009.
Altogether, these results show where droughts have become more concentrated, and
subsequently reveal the potential impacts of these changes on rice and wheat production. Finally,
these results were combined with Indian census data from 2011 to identify regions that may be
particularly vulnerable to the droughts estimated by sc-PDSI; then they were placed in the
context of current drought policies for discussion.

5.1 Droughts: Spatial Patterns in Frequency and Severity
Identifying All-India Droughts from 1950 – 2009
The results suggest that droughts did indeed show temporal and spatial trends in the
analyses. Figure 5.1 shows the annual averages of sc-PDSI for all of India between 1950 and
2009. Only nine years of this sixty year series were above 0 and of those nine wetter years, four
of them were in the first decade from 1950 to 1959. Furthermore, eight years of the time series
were below -1.5, which indicates a minimum of mild to moderate drought conditions for the
entire subcontinent. Furthermore, the three most severe years were in the last decade between
2000 and 2009. Based on this figure, where red represents droughts below an sc-PDSI of -1.5
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and yellow represents those from 0 to -1.49, we can establish that droughts have indeed
increased during the 60 year period, and the severity of droughts also appears to have increased
in the latter decades. The most severe droughts occurred in 2001 and 2002, which aligns with
what has already been observed in the literature (Bhat, 2006). The drought in 2002 caused severe
deficiencies in drinking water and irrigation for crops, leaving many communities incredibly
vulnerable (Horekens and Missiri, 2002).

Figure 5.1 This bar plot shows the annual time series for India’s sc-PDSI averages for the time
period 1950-2009. The blue bars represent wet years (>0), the yellow bars represent mild drought
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years (0 to -1.5), and the red bars represent moderate to severe drought years (<-1.5). Note the
extremely dry years in the last decade on the plot. Also, this data was extracted from a longer
time series beginning in 1910 wherein “0” represents the mean sc-PDSI, but this graph only
includes 1950 to 2009. (Created by Aaron Shew).
This particular drought was one of the worst in 130 years because it affected 56 percent of
India’s land area and the well-being of more than 300 million people (Samra, 2002). Again in
2009, drought was severe in India, though to a lesser extent compared to the one in 2002. The
regional occurrence of these droughts is more clearly identified in state-level assessments that
can be found in the appendix (B), which are discussed in the following section.

State-level Decadal Droughts: 1950 – 2009
State-level droughts reveal the regional trends in the change of climatic patterns across
India in terms of both the frequency and severity of droughts. Table 5.1 of Indian states lists the
number of years of moderate and severe droughts between 1950 and 2009, and provides the
percentage of total moderate droughts that occurred in the latter 20 years. In the All-Indian
averages, we found that 37.5% of droughts that rated at least mild-moderate, occurred in the
1990 to 2009 period. A choropleth map (Figure 5.2) of these state-level droughts is presented
after the table to display the states where droughts became more severe toward the end of the 60
years. So, based on this information, droughts have become more frequent and more severe in
recent decades.
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Table 5.1 Years of drought in each Indian State are presented for 1950-2009 (60 years).
State

Slightly
Dry
1950-2009
(< -0.5)

At Least Mild to
Percent of moderate
Moderate
droughts in the last 20 years
Drought
1990-2009 / 1950-2009
1950-2009
(< -1.5)
(< -1.5)
32
8
37.5%
All India
28
12
41.7%
Andhra Pradesh
26
18
50.0%
Arunachal Pradesh
32
6
50.0%
Assam
35
16
56.3%
Bihar
13
18
38.9%
Chandigarh*
32
17
35.3%
Chhattisgarh
12
24
29.2%
Daman and Diu**
10
14
50.0%
Delhi*
23
5
60.0%
Gujarat
21
4
100.0%
Haryana
26
7
42.9%
Himachal Pradesh
24
8
87.5%
Jammu and Kashmir
38
11
45.5%
Jharkhand
25
9
44.4%
Karnataka
13
21
42.9%
Kerala**
32
10
40.0%
Madhya Pradesh
24
8
57.1%
Maharashtra
16
17
70.6%
Manipur
17
4
25.0%
Meghalaya
15
21
52.4%
Mizoram
15
20
55.0%
Nagaland
27
13
46.2%
Orissa
33
1
100.0%
Punjab
30
3
100.0%
Rajasthan
15
5
40.0%
Sikkim
23
5
40.0%
Tamil Nadu
31
13
46.2%
Tripura
35
11
54.5%
Uttar Pradesh
32
21
33.3%
Uttaranchal
24
4
50%
West Bengal
* Union Territories. **sc-PDSI values are only present for one district in Kerala.
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If droughts occurred in at random, we would expect that 33% of droughts would occur in
the latter two decades because this represents one third of the total time period, but as
represented in the map, a disproportionately large number of mild to moderate droughts occurred
in the latter two decades. The northwestern states displayed in Figure 5.2 reveal that nearly all of
the moderate droughts in those states occurring between 1950 and 2009 happened during the last
two decades. Moreover, Punjab and Haryana are considered high producers of agricultural
goods, and as such, it is likely that grain production was influenced by these shifts in drought
patterns. Drought events increased in some areas, while remaining the same in others, but even
more informative is the fact that only one state shows a decrease in mild to moderate droughts in
latter decades—Meghalaya, the wettest state in India. These findings show that droughts have in
fact become more frequent in India on the whole.
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Figure 5.2 This map represents the percentage of droughts that occurred from 1990-2009 out of
the 1950-2009 time period. If droughts occur at random, we would expect 33% of the drought
events to happen during the last two decades. In this map, only one state was found lower than
33%, and it was Meghalaya—the wettest state in India. Not only that, the orange to red states
show that more than 50% of droughts in the 60 year time interval occurred in the latter two
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decades, which signifies an increase in the frequency of droughts in most of India. (Cartography
by Aaron Shew).
District-level Drought: Spatial Autocorrelation by Decade
Droughts have become more frequent in India, but they have also been more spatially
clustered in recent decades. In the Moran’s I statistic for Global Spatial Autocorrelation, the
decades from 1950-1959 and 1960-1969 were insignificant at the P < 0.1 level, but all other
decades were significantly spatially auto-correlated: 1970-1979 (P < 0.01); 1980-1989 (P <
0.01); 1990-1999 (P < 0.05); and 2000-2009 (P < 0.00). The decade from 2000-2009 had the
highest z-score of 11.92, indicating more spatial auto-correlation than any of the other five
decades (See Appendix C). Indeed, droughts did not occur at random in India, but have shown an
increase in the severity of droughts in certain areas. Droughts were especially clustered across
the Gangetic Plain in the decade from 2000 to 2009, as can be seen in Figure 5.3. From 2000 to
2009, many of India’s districts experienced extenuating droughts; more than 60% of the
geographical area rated less than -1.5 in sc-PDSI values. On the contrary, less than 10 districts
were at least mild to moderately wetter than normal. To show this more specifically, Anselin’s
Local Moran’s I Statistic was used to map the clustering of high and low values. The results of
this calculation for each decade can be seen in the following maps (Figures 5.3-5.8). A
significant number of districts in the Gangetic Plain and in the northeastern states show spatial
clustering in low sc-PDSI values, indicating a spatial trend toward more severe droughts in these
areas. On the other hand, there are several areas where spatial clustering of wet values occurred,
predominantly occurring in a north to south pattern in the western area and in certain districts in
West Bengal where the Brahmaputra and Ganges Rivers converge. Additionally, there were
several districts with High-Low autocorrelation and several with Low-High autocorrelation, but
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these were sporadic, relative to the concentrations of High-High (wet) and Low-Low (dry)
clustering.

Figure 5.3 This map shows the relative clustering of droughts across India’s districts for the
average sc-PDSI of the time period 2000-2009. Note the extensive drought clusters in the
Gangetic Plains and in the northeastern states. (Cartography by Aaron Shew).
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Figure 5.4 This map displays the spatial clustering of droughts for India’s districts, 1990-1999.
This decade showed that there was sparse clustering tendency for droughts compared to other
decades, but the northwestern districts were especially wet. (Cartography by Aaron Shew).
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Figure 5.5 This map shows the spatial clustering of droughts, 1980-1989. Note the clustering of
wet values in the northwest and the clustering of droughts in the Gangetic Plains. (Cartography
by Aaron Shew).
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Figure 5.6 The spatial clustering of droughts for the time period 1970-1979 are represented in
this map. (Cartography by Aaron Shew).
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Figure 5.7 This map shows the spatial clustering of droughts, 1960-1969. Both droughts and
wetness were occurred with more spatial randomness during this decade, similar to the time
interval 1990-1999. (Cartography by Aaron Shew).
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Figure 5.8 This map represents the spatial clustering of droughts and wetness for 1950-1959.
During this decade, droughts were more clustered near the central-eastern coast on the Bay of
Bengal. (Cartography by Aaron Shew).
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From the district-level analyses of drought patterns, it is clear that droughts are increasing
in frequency and that severe droughts have become relatively more concentrated in the Gangetic
Plains. While droughts have become more concentrated in this area, historically, they are more
common in this region more than other areas. This finding implies that this already droughtprone region is becoming drier compared to other regions in absolute terms given the long-term
baseline used for sc-PDSI calibration. These droughts have likely affected agricultural
production and may have a negative impact in areas where socio-economic vulnerabilities are
more common. As such, the following sections show how district-level droughts have affected
agricultural production, specifically rice and wheat production, and how climate change and
socio-economic vulnerabilities overlap at the district level.

5.2 Droughts and Agricultural Impacts
Rice and Droughts: 1998-2009
In the sc-PDSI and rice production regression model, drought was a significant influence
at the p < 0.01 level. However, its effect on production was minimal, with a coefficient of only
0.04 metric tonnes (MT) per hectare; this amount corresponds to about 2% of the average yield
per hectare for all of India’s districts, which is approximately 1.83 MT per hectare. This indicates
that for each increase (decrease) in one sc-PDSI value, rice production per hectare increases
(decreases) by 0.04 MT per hectare (or 2% per hectare). With state used as categorical variables,
the model produced an adjusted R-squared of 0.60, which means that drought and state together
accounted for 60% of the variation in rice production between 1998 and 2009. As expected, the
state fixed effect variables were highly significant factors in both the MT produced per hectare
per district and the total hectares planted in each district. The model did not include fixed effects

86

for year variables due to high collinearity with sc-PDSI. Interestingly, as droughts increase, rice
production decreases by 0.04 MT per hectare (p < 0.01), but the total hectares planted to rice
during a drought year actually increases by 2,209 MT (p < 0.01). Conversely, in wet years, less
rice is planted in the district but yields in MT increase per hectare. This finding likely indicates
some change in the planting decisions farmers make during a drought year. It’s also possible that
during a drought year the market price for rice increases, which could provide incentive for
farmers to plant rice despite the risks brought on by drought. Table 5.2 displays the results from
the two regressions for rice, sc-PDSI, and year.
Table 5.2 The values in this table were derived from two linear regression models
wherein rice in (1) MT ha-1 and (2) the total hectares planted to rice were regressed on sc-PDSI
and states as categorical variables. The values represent the coefficients for each variable and the
standard error associated with these values is within parentheses below the coefficient.
Variables
sc-PDSI
Assam
Bihar
Chandigarh
Chhattisgarh
Dadra and Nagar Haveli
Delhi
Goa
Gujarat
Haryana
Himachal Pradesh
Jammu and Kashmir

MT ha-1 district-1
0.04***
(0.005)
-1.20***
(0.05)
-1.42***
(0.05)
1.92***
(0.18)
-1.44***
(0.06)
-0.51**
(0.24)
-0.39*
(0.20)
0.45***
(0.14)
-1.12***
(0.06)
-0.08
(0.06)
-1.22***
(0.07)
-1.01***
(0.08)
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Total ha planted district-1
-2,209.97***
(522.62)
-66,927.28***
(5,618.58)
-82,947.77***
(5,198.28)
-168,658.70***
(19,293.11)
65,852.43***
(6,824.92)
-155,840.80***
(25,034.82)
-160,938.40***
(21,059.26)
-144,183.60***
(15,164.65)
-125,737.30***
(6,345.12)
-110,260.00***
(5,968.53)
-162,094.20***
(7,365.08)
-148,848.10***
(8,179.56)

Variables
Jharkhand
Karnataka
Kerala
Madhya Pradesh
Maharashtra
Manipur
Mizoram
Nagaland
Orissa
Puducherry
Punjab
Rajasthan
Tamil Nadu
Tripura
Uttar Pradesh
Uttaranchal
West Bengal
Constant
(Andhra Pradesh)
Observations
R-squ.
Adjusted R-squ.
Residual Std. Error
F Statistic

MT ha-1 district-1
-1.77***
(0.07)
-0.37***
(0.05)
-0.56***
(0.06)
-1.85***
(0.05)
-1.55***
(0.05)
-0.56***
(0.08)
-1.41***
(0.08)
-1.11***
(0.09)
-1.27***
(0.05)
-0.10
(0.13)
0.94***
(0.06)
-1.26***
(0.06)
0.52***
(0.05)
-0.51***
(0.15)
-0.73***
(0.04)
-1.05***
(0.07)
-0.39***
(0.06)
2.78***
(0.04)
5,555
0.60
0.60
0.62
285.78***

Note:
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Total ha planted district-1
-108,832.50***
(7,029.68)
-117,325.90***
(5,404.30)
-147,110.80***
(6,441.18)
-135,220.30***
(5,161.41)
-124,106.80***
(5,411.29)
-148,575.70***
(7,984.00)
-159,878.00***
(8,833.89)
-148,413.00***
(9,682.21)
-17,927.85***
(5,324.56)
-161,809.40***
(13,934.78)
-20,003.73***
(6,081.57)
-164,023.10***
(5,863.35)
-98,548.73***
(5,381.34)
-107,553.70***
(15,525.58)
-88,258.53***
(4,704.10)
-151,082.00***
(7,058.96)
153,011.50***
(6,150.21)
167,331.50***
(4,015.01)
5,555
0.53
0.53
65,380.22
(df = 5,525)
213.66***
(df = 29; 5,525)
*p < 0.1; **p < 0.05; ***p < 0.01

Wheat and Droughts: 1998-2009
Two linear regressions were run to elicit the effects of drought on wheat production, as
well. One regression used metric tonnes per hectare per district as the dependent variable with
sc-PDSI and state (locational) fixed effects as independent variables to evaluate the potential
effects of droughts on a per hectare basis. The second regression used the same independent
variables on the total hectares of wheat planted per district, which elicited the effects of drought
on all of the wheat production in that district for that year and could indicate changes in the
number of hectares planted to wheat in a drought year. The results from these regressions can be
seen in Table 5.3. Accordingly, wheat was affected by droughts in the opposite direction of rice.
In other words, wheat production actually increased by 0.02 MT per hectare (or about 3%)
during a drought year, but decreased by 1,133 hectares planted to wheat in the district. Again,
this likely indicates that farmers are changing the staple crops planted during a drought year,
either to capitalize on higher market prices by taking on more risk or to mitigate risk by planting
more drought-tolerant crops such as wheat. Additionally, locational fixed effects variables were
highly significant in the variations of the MT produced per hectare per district, but far less so for
the total hectares planted in each district. These differences could be attributed to geographical
factors like arable land and soils but may also result from the availability of agricultural inputs in
each state. The states showing significant influence on the hectares of wheat planted are those
where both rice and wheat are produced. Provided farm-level data in the future, it might be
possible to observe how farmers are changing the ratio of rice and wheat planted during a
drought year. These regression outputs illustrate the importance of both drought and location in
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rice and wheat production, and provide data for further exploration of the relationships between
location, drought, and rice and wheat production.
Table 5.3 The values in this table were derived from two linear regression models
wherein wheat in (1) MT ha-1 and (2) the total hectares planted to wheat were regressed on scPDSI and states as categorical variables.
Variables
sc-PDSI
Arunachal Pradesh
Assam
Bihar
Chandigarh
Chhattisgarh
Delhi
Gujarat
Haryana
Himachal Pradesh
Jharkhand
Karnataka
Madhya Pradesh
Maharashtra
Meghalaya
Mizoram
Nagaland
Orissa
Punjab

MT ha-1 district-1
-0.02***
(0.01)
-0.87***
(0.08)
-0.63***
(0.07)
-1.00***
(0.07)
-1.36***
(0.19)
-0.68***
(0.08)
-1.32***
(0.20)
-1.16***
(0.07)
-1.31***
(0.07)
-0.75***
(0.08)
-0.71***
(0.08)
0.06
(0.08)
-0.87***
(0.07)
-0.76***
(0.07)
-0.59*
(0.36)
-0.56**
(0.28)
-0.92***
(0.10)
-0.62***
(0.07)
-1.35***
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Total ha planted district-1
1,133.40***
(371.61)
-854.21
(5,697.96)
2,120.72
(5,075.11)
56,494.09***
(4,866.13)
-592.11
(13,014.81)
6,940.39
(5,552.44
21,355.99
(14,123.36)
32,712.48***
(5,072.61)
119,330.40***
(5,187.66)
32,504.54***
(5,827.24)
2,199.23
(5,655.45)
16,285.64***
(5,387.94)
85,175.80***
(4,871.20)
27,771.33***
(4,972.48)
-519.11
(24,912.32)
-891.29
(19,492.29)
-550.55
(6,638.25)
353.43
(5,004.49)
195,067.70***

Variables
Rajasthan
Sikkim
Tamil Nadu
Tripura
Uttar Pradesh
Uttaranchal
West Bengal
Constant
(Andhra Pradesh)
Observations
R-squ.
Adjusted R-squ.
Residual Std. Error
F Statistic

MT ha-1 district-1
(0.08)
-1.17***
(0.07)
-0.67***
(0.11)
7.35***
(0.22)
-1.07***
(0.14)
-1.22***
(0.07)
-0.89***
(0.08)
-1.05***
(0.08)
1.56***
(0.06)
4,791
0.38
0.37
0.61
(df = 4,764)
111.44***
(df = 26; 4,764)

Note:

Total ha planted district-1
(5,278.37)
70,748.47***
(4,921.85)
-530.90
(7,527.56)
-2,445.16
(12,568.23)
-1,615.51
(9,706.69)
133,498.50***
(4,661.31)
29,704.01***
(5,764.23)
20,307.30***
(5,418.66)
1,985.76
(4,363.38)
4,800
0.63
0.63
42,481.27
(df=4773)
309.33***
(df=26; 4773)
*p < 0.1; **p < 0.05; ***p < 0.01

5.3 Identifying Vulnerable Districts
India’s most vulnerable agrarian communities can be identified by combining the
climatic, agricultural and socio-economic variables from other parts of this study. Figure 5.9
represents the districts identified as the most vulnerable based on the combination of the upper
quintile of districts for the following variables: agricultural labor (in terms of either main
agricultural labor or main cultivator labor), illiteracy, and scheduled castes or tribes with spatial
autocorrelation of droughts listed as “LL” between 1980 and 2009. Districts in the Gangetic
Plains of Uttar Pradesh and Bihar are vulnerable to extenuating and recurring droughts, but they
are also prone to socio-economic and cultural disparities, i.e., low-income and unstable
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employment or coming from a culturally oppressed class in society such as a scheduled caste.
Further delimiting their vulnerability, these communities often fall into cycles of debt that bind
them to their land because a farmer may require a loan to purchase seeds or other agricultural
inputs, but if their crop fails, they still owe the debt with interest. In many cases, the lender gains
control of the person’s land or the producer is forced to work the land as an in-kind debt
repayment; these situations involve not only the head of household, but often include children as
well (Indian Census 2011; DOL 2014). Moreover, families in these regions would find it
linguistically challenging to move elsewhere to find work, or may not have the financial capacity
to move their entire family (Smita 2008) and language dialects vary extensively. These findings
are certainly not robust in quantitative terms but when combining quantitative and qualitative
metrics, they provide a platform for future research in these areas by identifying particular
districts where these relationships are likely to be found should they exist at the household level.
The household level is critical in this type of research because it represents the place of human
decision-making in light of climatic changes. Until a household level analysis can be conducted,
studies like this provide a framework for selecting the regions in which to conduct household
work. These observations and their implications are discussed in more detail in the following
chapter.
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Figure 5.9 This map represents district-level agrarian vulnerability across India. The map was
created by combining drought clustering, agricultural labor and main cultivator designations
from the Indian Census 2011, and demographic data on scheduled castes, scheduled tribes, and
illiteracy. Only districts with clustered droughts between 1980 and 2009 were included; these
districts were then combined with the upper quintile (top 20%) of districts for agricultural
laborers and main cultivators. Based on the districts that met the quintile threshold for
agricultural demographics and three decades of drought, they were combined with the caste,
tribe, and illiteracy data to show the occurrence of these factors together in the map above.
(Cartography by Aaron Shew).
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CHAPTER 6: Discussion
Patterns in the occurrence of drought changed in India between 1950 and 2009. These
changes were primarily marked by a drying trend with particularly negative trends in sc-PDSI
found in the central-eastern Indian states of Uttar Pradesh, Bihar, Jharkhand, and Chhattisgarh, as
well as in the northeastern states of Assam, Manipur, Nagaland, and Tripura. Some districts in
these states, more than others, were characterized by high levels of illiteracy, scheduled castes
and tribes, rain-fed agriculture, and agrarian subsistence, likely leaving many people vulnerable
to climatic shifts (Indian Census 2011). In the aforementioned areas, communities are often less
capable of coping with drought due to their socio-economic circumstances. Correspondingly, this
study combined quantitative techniques for spatial analysis with qualitative census data
assessment to provide a framework for future, interdisciplinary studies on the climateagriculture-poverty nexus in India. Notably, one primary concern in conducting research in lowincome countries is the availability and validity of data. Nevertheless, this study, among others,
provides extensive, applied results on the impacts of climate change on agriculture, coupled with
significant implications for future research.

6.1 Agricultural Impacts: What we don’t know
Scientists know from extensive testing and research trials that droughts influence
agricultural outputs (Shi et al. 2015; Ishimaru et al. 2015). Tack and Holt (2016) found that
maize yields were spatially correlated with both favorable and unfavorable weather, which
divulges the link between yields and price volatility. In fact, everyday consumers understand this
relationship because the price of food is often highly correlated to drought events in a regional
setting (Andersen 2015). So, it seems that at the macro level of world prices and the micro level
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of scientific experiments, the influence of droughts on crops and consumers is understood.
However, what is not known, is how agricultural management often changes these impacts, and
this is especially challenging to find information on in low-income countries like India. Farmers
sometimes have the ability to change their production techniques through mechanization, inputs,
planting time, etc.; they also respond to changing market prices by planting different crops (or at
least different ratios of crops). For the most part, these abilities to adapt differ from region to
region based on financial status and also on education. Thus, it is important to recognize that
while change may be possible, it likely differs regionally and does not necessarily occur in an
instantaneous response to weather patterns. That said, when farmers do adapt or change, farm
management can affect both crop yields and market prices. For example, a farmer may continue
to plant rice in a time of drought in hopes that he can obtain a high yield because market prices
are likely to be inflated during these periods. Therefore, even a reduced yield could provide
higher profits as yield reduction is offset by price increases. On the other hand, the farmer may
plant wheat to mitigate the risk of losing a rice crop.
In low-income countries like India, it is challenging to obtain farm management data at
any scale, much less at a national level. Nonetheless, the results in this study show that both rice
and wheat in India are influenced by changing drought conditions, although the mechanisms of
this impact are not fully understood. For example, rice is more sensitive to water availability than
wheat, but this may not manifest itself in the regressions with sc-PDSI because irrigation and
other surface water is unaccounted for. This study only provides annually aggregated results for
rice, wheat, and sc-PDSI; therefore, without more specific data on planting and harvest dates it is
difficult to ascertain why rice and wheat have the respective responses they do. In other words,
while the aggregate response of rice was to decrease in production in MT per hectare and
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increase in the total MT per district during drought, and while the aggregate response of wheat
was to increase in MT per hectare and decrease in total MT per district during drought, we
cannot elicit from this that the crop responses are physiological; rather, these differences are
more likely due to the decisions farmers made throughout the season and possible planting
incentives through government programs. Barkley (2015) explained that farmers in Pakistan may
be planting wheat on more productive soils (rather than on marginal land) during drought years,
which would explain the increase in per hectare yields, which corroborates the results in this
study. However, this is impossible to confirm without more detailed data collection at the farm
level, rather than the nationally-collected district data in this study.

6.2 The Future of Agrarian Life in India
Regionally differentiated interventions befitting natural resource
endowments, social capital, infrastructure, and economic
conditions are [the] need of the hour to meet the local challenges
and enhance livelihoods.
-National Rainfed Area Authority (2012)
The aim of this study was primarily to pinpoint changes in drought patterns and the
effects of those changes on agricultural production. Uniquely, there are also some strong
implications for identifying areas where agrarian communities may be more vulnerable to these
changes. Subsistence and small-holder farmers in lower socio-economic strata often do not have
the financial capability, nor the education to cope with droughts. To illustrate, Ericksen (2008)
produced a “food systems” framework for analyzing the impacts of global environmental change
on food security. This framework laid out the potential impacts of environmental change on food
security that relate directly to different farm production models. Notably, this framework was
developed for places where quantitative data are challenging to obtain. The UN SCOPE (2010)
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elaborated on Ericksen’s proposed model in a policy brief, giving more credence to the model.
This framework revealed the links between global environmental change and food security vis-àvis agriculture production, transportation, etc., as well as the data gaps in understanding these
relationships more fully. In short, the framework shows that if any component of the food system
becomes stressed, whether from natural or human sources, food insecurity increases. This study
operates loosely within the framework of the Ericksen (2008) in that drought-vulnerable regions
were identified and linked to socio-economic and agrarian proxies for vulnerability. Based on
what is suggested in Ericksen’s framework, the findings in this study provide a more robust
platform for research in these likely vulnerable areas. Future research, i.e. surveys of farming
communities in the vulnerable districts identified in this study, could further validate these
findings.
Leichenko & O’Brien (2008) provided a framework for the assessment of the impacts of
environmental change and globalization in terms of the ‘double exposure’ of certain populations.
A rather nascent research literature has evolved around this concept. A population is considered
doubly exposed when they are vulnerable to changes in both human (e.g. economic integration)
and environmental (e.g. climate change) systems. Leichenko & O’Brien’s (2008) framework
predominantly focused on vulnerability assessment, similar to this study. Their double exposure
framework incorporated both climate change and socio-economic indicators into a matrix, from
which the status of vulnerability could be derived. Based on this framework, the districts
identified in this study can be considered doubly exposed to both socio-economic and climatic
factors. The value in this identification lies in how policy-makers and researchers try to solve
these problems. This study provides critical information on the where agricultural support and
sustainable intensification efforts should be directed (Hill 2015).
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A drying world with a growing human population has created great concern for
agricultural productivity. A number of studies have projected climatic impacts on agriculture
production in the future and sought to identify the people most vulnerable to these changes
(Nelson et al. 2010; Li et al. 2009; Lobell & Gourdji 2012). The National Rainfed Area
Authority of India (2012) stated that more than half of India’s agricultural production falls under
rainfed conditions, leaving farmers, livestock, and crops vulnerable to changing environmental
conditions like droughts and floods. Future projections are bleak for South Asia, and India in
particular. Ninan & Bedamatta (2012) found that a 2° to 3.5° C increase in temperatures will lead
to reductions in net agricultural revenues of up to 26 percent between 2080 and 2100. They show
that while wheat production above 27° N (central India) may increase production, locations
below this latitude may incur up to 23 percent of yield losses. Along with this information, the
findings in this study and the outlook for the next century provide a greater imperative to
understand how these changes are already affecting communities and to provide
recommendations for how we can reduce the vulnerability of agrarian communities moving into
a challenging era for humanity.

6.3 Drought Policy Recommendations
Based on the findings in this study, policy-makers could implement better programs to
monitor and evaluate the occurrence of drought at the district level in India. More specifically,
the various political entities involved in the development, implementation, and enforcement of
drought policies should integrate these processes across the district, state, and national scales so
that the efforts put forth are consistent and not redundant. In 2015, the Indian Ministry of
Agriculture began an online outreach program to provide farmers access to better inputs, seeds,
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and crop information. There are also links to meteorological data and weather forecasts to help
farmers make informed decisions. Drought assistance plans could be integrated into this project
to streamline data sharing and best practices for drought management. Though in some places
India has implemented the aid-driven policies of historical drought management in the US and
Australia, they have not yet become entrenched in this type of policy framework, and as such,
Indian policy-makers have the impetus and capacity to create a sustainable, cohesive drought
policy moving forward. In such a drought policy, the following issues might be addressed:
(1) Better coordination between the Central Government of India, state administrations,
the India Meteorological Department, Ministry of Agriculture, and other vested entities in
monitoring drought conditions and disseminating information to the public.
(2) Implementing training programs in agrarian communities that focus on droughtresilient agricultural practices.
(3) Providing a safety net through emergency funds set aside to aid communities who
have been harmed by drought.
On a similar note, the Central Government of India, along with state and district administrations
should focus their efforts on identifying socio-economically and culturally vulnerable
communities and following up with development programs that make them less vulnerable. This
will enhance the capacity of those communities to cope with droughts when they occur, and thus
reduce the burden of the government to respond.
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CHAPTER 7: Conclusion and Implications
In this research, it was found that India as a whole is becoming more arid, and
particularly so in some of its poorest districts. The drying trend in India for the past 60 years has
been made evident based on the sc-PDSI data. As droughts in India become more severe and
frequent in some areas, rice production will also evolve, but to a seemingly small degree in terms
of yield in MT per hectare because farmers are likely able to mitigate the impacts of drought with
ground or surface water irrigation. It is possible that the sc-PDSI may also be an inadequate
metric for determining how drought influences rice production. When sc-PDSI is calculated, the
drought is relative to a period for which the index is calibrated. Thus, if a few months prior to
rice production were abnormally dry, the water-balance during the season would be affected even
if precipitation returned to normal. However, compared to Gore et al. (2012), where droughtprone regions of India were classified in six large regions based on deviations in the percentage
of precipitation compared to a climatological norm, it was found that sc-PDSI is a much stronger
metric for drought comparisons. That said, it may be beneficial in future studies to compare the
results from the sc-PDSI with other drought indices such as the Standard PrecipitationEvapotranspiration Index (SPEI), which is less comparable over time, but more specific to the
measured time-period. SPEI would provide a less robust metric for extenuating, long-term
droughts but would probably better elicit the relationship between droughts and agriculture
because it does not incorporate a memory of droughts in previous months (Vicente-Serrano &
NCAR 2015).
Moreover, it was found that the influence of states was much more significant than the
sc-PDSI in these models. This probably signifies the importance of how and where agricultural
policies are administered. For example, the Punjab State added nearly one metric ton per hectare
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to overall yields. This occurrence is likely due to the fertile soil, relatively consistent
precipitation, and high subsidies for irrigation and fertilizer in the state. Conversely, Madhya
Pradesh State shows a decrease of nearly two metric tonnes in yield. Madhya Pradesh State is
notorious for low per capita GDP and offers little in the way of state support for the
impoverished or agrarian communities that suffer when droughts occur. Major findings in this
study are as follows:


Droughts increased in frequency between 1950 and 2009, particularly during the 1990 to
2009 time interval.



Droughts were significantly clustered in different regions of India for each decade between
1950 and 2009, and the most significant clustering and severity of drought occurred during
the 2000-2009 decade.



Droughts had a significant effect on both rice and wheat production, and may affect farmers’
planting decisions during drought years.



Several districts have agrarian communities that may be “double exposed” to drought and
socio-economic or cultural disparities.



Drought policies in India are lacking and improvements to drought planning and response
could be made through the creation of an integrated drought management agency for the
country.

Overall, these models could be improved with more detailed agricultural data on
irrigation and farming systems at the district level, or ideally at the farm level. Also, better
drought metrics could be employed for a more robust evaluation of the climatic impacts.
However, the study did reveal that not only has India become drier—it has done so in some of
the most socio-economically vulnerable regions. For instance, the Indo-Gangetic Plains, and
particularly the states of Bihar and Uttar Pradesh, are home to most of the rain-fed agriculture in
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India. These states however are also areas where inferior socio-economic and cultural status
reduce the ability of these farmers to cope with droughts. For policy-makers at the federal level
in India, a new integrated drought management agency should be created. Furthermore, this
model may indicate a need to focus on directing more support to agricultural programs and
extension services in places like Uttar Pradesh and Bihar in order to better prepare them for the
occurrence of drought. These programs could focus on supplying improved irrigation
infrastructure and inputs, such as subsidized fertilizer or irrigation systems, and could provide
small-holder farmers with better access to credit and crop insurance. To better elicit what would
be most beneficial, farm-level data collection should become a top priority in these areas and
efforts should be made to bridge gaps between large-scale climatic changes and localized
vulnerabilities. The coming decades will be challenging for humanity and Indians in particular—
increasing droughts in some areas and flooding in others, greater food demand and less resources
for food production, and increased disparity between rich and poor, only to name a few.
In conclusion, this study showed that droughts have increased in frequency and severity
in some Indian districts, and significant spatial clustering of droughts has increased particularly
in the Gangetic Plains. Furthermore, it was found that rice and wheat production were
significantly affected by drought, though in unintuitive ways, and based on these findings, a
number of critical research questions were divulged. Finally, the study identified districts
agrarian communities were especially vulnerable to drought and social, cultural, and economic
disparities and discussed the importance of robust drought policies in India. India, international
organizations, and other partners in development have the opportunity to invest in better drought
management schemes and agricultural practices, and this study provides critical information to
help make this happen.
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Appendix A. Photographs: All photographs were taken by the author.
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Appendix B. Python and R Scripts
Python Script for netCDF to Raster conversion and Clip to India’s Spatial Extent
import arcpy as a
import tkFileDialog, Tkinter, Tkconstants
from dbfpy import dbf
from Tkinter import *
from tkFileDialog import *
import glob
a.env.overwriteOutput = True
a.env.Workspace = "C:\\temp"
from arcpy.sa import *
a.CheckOutExtension("Spatial")
outRas = 'C:\\Users\\AMS\\Desktop\\Climate Data\\Season PDSI\\'
clipPolygon = 'C:\\Users\\AMS\\Desktop\\Research\\Grad\\India\\Maps\\DistPop2011.shp'
cdfFolder = 'C:\\Users\\AMS\\Desktop\\Climate Data\\PDSI NC Files\\'
bandDimension = ""
startMo = 1
yearsTotal = 10
dbfstart = 0
i=0
endMo = 12
print cdfFolder
decade = int(raw_input("By decade (1) or by bi-decade (2) or by tri-decade (3)"))
myStartMo = int(raw_input("What is the start month?"))
myEndMo = int(raw_input("What is the END month?"))
totalMo = yearsTotal * endMo
cdfList = glob.glob(cdfFolder+'/*.nc')
x=0
tif_files = []
def buildWhereClause(table, field, value):
# Add DBMS-specific field delimiters
fieldDelimited = a.AddFieldDelimiters(table, field)
# Determine field type
fieldType = a.ListFields(table, field)[0].type
# Add single-quotes for string field values
if str(fieldType) == 'String':
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value = "'%s'" % value
# Format WHERE clause
whereClause = "%s = %s" % (fieldDelimited, value)
return whereClause
for cdf in cdfList:
x=x+1
nc = cdf
startYear = int(cdf.split('-')[0][-4:])
endYear = int(cdf.split('-')[1][:-3])
while(startYear < endYear + 1):
while(i < endMo):
print startMo
i=i+1
if(startMo >= myStartMo and startMo <= myEndMo):
newDate = str(startMo) + "/1/"+str(startYear)
date = str(newDate)
dimensionValues = ['time',{date}]
valueSelectionMethod = "BY_VALUE"
out = outRas + "working_ras\\temp\\" + str(startMo)+"_"+str(startYear)+".tif"
out2 = outRas + "working_ras\\" + str(startMo)+"_"+str(startYear)+".tif"
clip = outRas + "working_ras\\clip\\" +str(startMo)+"_"+str(startYear)+".tif"
a.MakeNetCDFRasterLayer_md(nc, 'pdsi','lon','lat',out,'','time '+date,'BY_VALUE')
clip = ExtractByMask(out,clipPolygon)
#a.Clip_management(out,"#",clip,clipPolygon,"#","ClippingGeometry")
a.CopyRaster_management(clip,out2,"","","","NONE","NONE","")
print "Created layer for " + date + " successfully"
tif_files.append(out2)
startMo = startMo + 1
else:
startMo = startMo + 1
startMo = 1
i=0
startYear = startYear + 1
if(x == decade):
if(decade == 1):
totaldb = outRas+"Total1.dbf"
else:
totaldb = outRas+"Total3.dbf"
newField = "Mean_"+str(endYear)
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if(dbfstart == 0):
#a.AddField_management(totaldb,"State_Dist",'TEXT')
newdb = dbf.Dbf(totaldb,new=True)
newdb.addField(
("State_Dist","C",250),
)
newdb.close()
a.AddField_management(totaldb,newField,'FLOAT')
else:
a.AddField_management(totaldb,newField,'FLOAT')
x=0
print tif_files
y=0
for tif in tif_files:
y=y+1
if(y == 1):
outrastemp = a.Raster(str(tif))
else:
listras = a.Raster(str(tif))
outrastemp += listras
finalras = outrastemp/(len(tif_files))
zoneField = "State_Dist"
outTable = outRas+str(myStartMo)+"_"+str(myEndMo)+"_"+str(endYear)+".dbf"
print "Creating table"
outZonal =
ZonalStatisticsAsTable(clipPolygon,zoneField,finalras,outTable,"NODATA","MEAN")
print "Saving decadal pdsi"
print totaldb
mydb = dbf.Dbf(totaldb)
if(dbfstart == 0):
db = dbf.Dbf(outTable)
dbfstart = 1
for rec in db:
newrec = mydb.newRecord()
newrec["State_Dist"] = rec['State_Dist']
newrec.store()
db.close()
mydb.close()
#db = dbf.Dbf(outTable)
fieldName = ["State_Dist","MEAN"]
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db = a.da.SearchCursor(outTable,fieldName)
for rec in db:
fields = ["State_Dist",newField]
cursor = a.da.UpdateCursor(totaldb, fields)
#cursor = a.da.UpdateCursor(totaldb,("State_Dist",newField),whereClause)
for row in cursor:
#print row[0], row[1]
if(rec[0] == row[0]):
#print "FOUND ONE"
row[1] = float(rec[1])
#row[1].setValue(newField,float(rec['MEAN']))
cursor.updateRow(row)
dbfstart += 1
savename = outRas+str(myStartMo)+"_"+str(myEndMo)+"_"+str(endYear)+".tif"
finalras.save(savename)
tif_files = []
print "Done!"
R Script for Raster conversion to Microsoft Excel based on x, y coordinates
library(raster)
library(rgdal)
setwd("D:/Rasters")
rlist<-list.files()
rstack<-stack(rlist)
pointCoordinates=read.csv("D:/IND_DIST_pts.csv")
coordinates(pointCoordinates)<- c("x", "y")
rasValue<-extract(rstack, pointCoordinates)
combine<-cbind(coordinates(pointCoordinates), rasValue)
write.table(combine, "D:/IND_pdsi.csv", append=FALSE, sep= ",", row.names=FALSE,
col.names=TRUE)
R Script for transposing the annual sc-PDSI values between 1996-2009
library(reshape)
rm(list=ls())
setwd("D:/GIS_Working/Aaron_Shew/transposeR")
inData<-read.csv("IND_pdsi_cryr.csv")
tranData<-melt(inData, id=c("State_Dist"))
names(tranData)[names(tranData)=="variable"] <- "Year"
names(tranData)[names(tranData)=="value"] <- "PDSI"
write.csv(tranData, "D:/GIS_Working/Aaron_Shew/transposeR/IND_pdsi_tranny.csv")
R script for merging rice production and transposed annual sc-PDSI data
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rm(list=ls())
setwd('C:/users/amshew/Desktop/Thesis/')
districe <- read.csv('./Districe_working.csv')
distpdsi <- read.csv('./trans_pdsi_cryr.csv')
dist_join <- merge(districe, distpdsi, by = c("State_dist", "Year"), all.x = TRUE,
all.y = TRUE)
dist_join[is.na(dist_join)] <- c('')
write.csv(dist_join, './rice_pdsi_cryr.csv')
R Script for Linear Regression on Rice and Wheat
###Main Workspace###
rm(list=ls())
setwd('C:/Users/amshew/Desktop/Thesis/')
##Linear Regression for Rice Production ~ PDSI
dat <- read.csv('riceprod_pdsi_cryr.csv')
statedummy <- factor(dat$State)
summarypdsi <- summary(dat$PDSI)
summary(summarypdsi)
reg1 <- lm(dat$Tn_ha ~ dat$PDSI + statedummy, data = dat)
reg2 <- lm(dat$tot_ha ~ dat$PDSI + statedummy, data = dat)
summary(reg1)
plot(reg1)
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Appendix C. State-level sc-PDSI Bar Plots
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Appendix D. Global Moran’s I Statistic for Spatial Auto-Correlation by Decade
1950’s Spatial Auto-Correlations

1960’s Spatial Auto-Correlations

147

1970’s Spatial Auto-Correlation

1980’s Spatial Auto-Correlation
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1990’s Spatial Auto-Correlation

2000’s Spatial Autocorrelation
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